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Plant root systems and associated symbiotic organisms act as critical links 
between the growing shoot and the rhizosphere, providing both vital nutrients and water 
to sustain growth.  Many tools have been developed to study plant root systems; 
however, the efficient quantification of root traits remains a key bottleneck to effectively 
utilizing expanding collections of genomic and germplasm resources during the study of 
root system development and function.   
This dissertation presents results from root system phenotyping research where 
root phenotyping platforms were developed and used to investigate the genetic 
components of root system architecture and development in crop plants.  It begins with 
a review chapter that discusses the importance of root system architecture (RSA) during 
resource acquisition and provides an overview of established root growth and 
measurement techniques while highlighting modern root phenotyping approaches that 
have been developed for genetic mapping studies.  Subsequently, two distinct and 
complementary phenotyping platforms are described that were designed to improve the 
flexibility and throughput for root system phenotyping using digital imaging and software 
analysis tools to quantify root systems in 2-dimensions (2D) and 3-dimensions (3D).  
  
The use of the 3D phenotyping platform is then discussed where global root system 
traits were captured and quantitative trait loci (QTL) and genome wide association 
(GWA) mapping studies were performed in order to investigate the genetic components 
of RSA development in rice (Oryza sativa).  Finally, future research directions are 
outlined and include additional phenotyping platform development as well as new 
strategies to mine the RSA mapping results to identify candidate genes involved in root 
development and verify the functional relevance of the measured root traits and 
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ROOT SYSTEM MEASUREMENT AND ANALYSIS TECHNIQUES FOR THE 
STUDY OF PLANT RESOURCE ACQUISITION 
 
ABSTRACT 
Numerous methods have been developed to grow plants in systems that enable 
researchers to, capture, measure, and evaluate their root system characteristics.  These 
techniques have been used to study root systems in settings ranging from natural field 
environments to contrived laboratory arrangements.  With such a wide variety of 
experimental options, it is important review both established designs and consider new 
approaches and technologies.  This chapter is intended to give an overview of the tools 
and techniques that are now available for studying the root system morphology and 
architecture of crop plants.  Additionally, the importance of root systems and their 
relationship to plant growth and nutrition in suboptimal environments is discussed. 
 
BIOLOGY OF ROOT SYSTEMS 
Importance of roots systems and root system architecture 
Plant root systems (and associated symbiotic organisms) act as critical links 
between the growing shoot and the rhizosphere, providing both vital nutrients and water 
to sustain growth.  Additionally, roots anchor and stabilize the plant, enabling the growth 
of above-ground shoot and reproductive organs.  Roots are an active part of the plant 
that respond and adapt to environmental conditions, signals and stresses. 
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Root system architecture (RSA) is one aspect of root systems that has been 
linked to the plant’s ability to capture nutrient resources and water from the soil.  Root 
system architecture is defined as the spatial configuration of the entire root system in 
the soil (Fitter, 1987; Lynch, 1995).  The variation of RSA characteristics within and 
across species has been linked to improved resource acquisition and growth.  Gaining a 
deeper understanding of RSA and its functional significance represents a promising 
area of study to improve the productivity and nutrient efficiency of crop plants (Berntson, 
1994; Lynch, 2011). 
It has been well documented that root systems have a vast ability to adapt to 
rhizosphere environments and respond to intrinsic and extrinsic stimuli from a variety of 
abiotic sources (Malamy, 2005).  The status and supply of a number of essential 
mineral nutrients and water can have large impacts on root growth and development 
(Forde and Lorenzo, 2001).  One essential nutrient that is a critical component for plant 
growth, function, and health is phosphorus (P).  It is part of a number of structural 
compounds in the plant and plays important roles in many biochemical reactions 
(Marschner, 1995).  Phosphorus, however, is a limiting nutrient for many agricultural 
system due to its low solubility, high-fixation and low mobility in the soil.  Most 
agricultural systems require that additional P fertilizer be applied in order to maintain 
optimal plant growth and yield.  Phosphorus is found in the bulk soil in both inorganic 
(Pi) and organic (Po) forms.  Soluble forms of phosphorus (Pi) that can be absorbed 
from P-limited soils typically are found at concentrations in the bulk soil between 5 to 
10μM (Shen et al., 2011).  Thus plants have developed sophisticated strategies to 
acquire P from sparingly soluble Pi and Po soil sources to maintain a healthy P status.  
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These P acquisition strategies involve morphological and architectural adaptations of 
the plant root systems as well the regulation of physiological and biochemical processes 
aimed at “mining” P from the soil (Plaxton and Tran, 2011).  Many plants species also 
exploit symbiotic associations with microorganisms (i.e. mycorrhiza and rhizobia) to 
enhance their ability to acquire P and other nutrients (primarily N) from the rhizosphere 
(Waisel et al., 1996).  Even with highly effective mechanisms to solubilize P from fixed 
sources and absorb it from the soil, it is essential that the root system of the plant grow 
and develop in a way that reduces carbon expenditures while also maximizing the root 
systems access to the P reserves in the soil (Lynch et al., 2005).   
RSA characteristics that are adapted to particular soil types and nutrient 
distributions enable the plants to grow optimally.  One example of this is on acidic 
tropical soils where nearly all the P is found in the topsoil.  In a study by Zhao et al 
(2004) on a collection of soybean varieties with diverse shoot and root architectures, 
those varieties that had a higher percentage of their root systems in the superficial 
zones of the soil performed and yielded better than those that tended to have more 
deeply distributed root systems.  The improved performance of the varieties with 
shallow root systems was attributed to fact that the roots were better able to mine the 
topsoil for P while also avoiding the increasingly acidic and nutrient depleted 
environment of the subsoil.  While RSA is only one component of a suite of traits that 
can improve crop production on marginal soils, new soybean varieties with beneficial 
root system characteristics have been released from soybean breeding programs to 
farmers and have significantly helped to increase agricultural productivity on the acidic 
soils of South China (Wang et al., 2010).  
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Root system components 
Although roots on different plant species have similar functional roles in resource 
acquisition, the whole root system is comprised of different root classes and types that 
can vary both morphologically and functionally (Mattsson et al., 1993).  Additionally, the 
anatomy and cellular structure of roots can be quite distinct between species 
(Hochholdinger et al., 2004).  Some species also form specialized root structures that 
are induced only under certain environmental conditions, such as cluster or proteoid 
root formation by white lupin (Lupinus albus) to cope with phosphorus (P) deficient soils 
(Vance et al., 2003). 
While there is no definitive classification system for root system types (Waisel et 
al., 1996), crop plant root systems can be broadly classified as either taproot systems or 
fibrous root systems.  Taproot systems are characterized by having a prominent central 
taproot (or embryonic root) from which lateral roots emerge.  This taproot maintains an 
important role throughout the entire lifecycle of the plant.  Plants with taproot systems 
also have adventitious postembryonic roots that emerge from the base of the stem 
along tiers of nodular whorls that are referred to as basal or nodal roots (Weaver and 
Bruner, 1927).  The number of nodular whorls and the distribution of basal roots have 
been hypothesized to play a role in and have been correlated with nutrient acquisition 
efficiency in taproot plants (Lynch and Brown, 2001; Lynch, 2011).  Taproot systems are 
common to dicotyledonous legume crop species such as Glycine max (soybean).  
Fibrous root systems are composed of embryonic and postembryonic roots 
(Hochholdinger et al., 2004; Rebouillat et al., 2009), where the primordia of embryonic 
roots are formed when the embryos of the seeds develop on the parent plant.  These 
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embryonic primary and seminal roots emerge upon germination and are involved in 
early seedling establishment and vigor, but serve less important roles as the plant 
matures (Hochholdinger and Tuberosa, 2009).  In some species however, the seminal 
roots can continue to remain active throughout the life-span of the plant (Mattsson et al., 
1993).  The postembryonic roots form and develop throughout the life-span of the plant 
and consist of lateral roots, and adventitious shoot-borne crown and nodal roots.  These 
postembryonic roots make up the bulk of the fibrous root system and have been 
implicated in the ability of a plant to survive and thrive under nutrient and resource 
limited environments (Zhu et al., 2005).  Fibrous root systems are common to 
monocotyledonous cereal crop species such as maize (Zea mays), rice (Oryza spp.), 
and wheat (Triticum spp.). 
Phenotyping of Root System Architecture (RSA) for Genetic Studies 
The advancement of root growth and imaging methods has enabled detailed 
investigations into how root systems develop as well as how they adapt to abiotic and 
biotic stresses.  For both linkage and association mapping studies of RSA, both manual 
and automated tools have been utilized to investigate the genetic components of root 
system growth and development.  Manual methods have been used to elucidate several 
root-related genomic regions and genes (Johnson et al., 2000; Magalhaes et al., 2007; 
Krill et al., 2010) and digital imaging and analysis has further facilitated higher 
throughput and more precise mapping of root system development and tolerance to 
abiotic stress (Zheng et al., 2003; Zhu et al., 2005; Famoso et al., 2011). 
Addtionally, the generation and study of root mutants with altered root system 
growth, morphology and/or development has been employed to further dissect the 
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genetic components of the root system.  In reviews by Hocholdinger et al (2004) and 
Rebouillat et al (2009), analyses of several rice and maize root mutants are discussed.  
These mutant studies have led to the discovery of requisite genes involved in the 
development and emergence of crop root systems and have revealed that the various 
classes of root types are under distinct developmental control mediated by separate 
genetic networks. 
In combination with more comprehensive whole plant phenotyping, the accurate 
and reliable imaging and measurement of root traits will continue to be utilized to 
unravel the genetic basis of root system development and the functional significance of 
variation in RSA during plant production, resource acquisition and stress adaptation.  
The further integration and advancement of root phenotyping and analysis tools will be 
needed as genotyping, mapping population and mutant resources continue to expand. 
 
GROWTH, MEASUREMENT AND ANALYSIS OF ROOT SYSTEMS 
Early methods for measuring root systems 
Prior to the 1960’s, root systems were mainly quantified using root weight and 
volume displacement measurements.  In some cases, length and diameter were 
measured by hand on a small subsets of the roots in order estimate the surface area of 
the entire root system (Evans, 1938).  As researchers began performing detailed 
investigations into the water and nutrient uptake capacity of root systems, reliable 
techniques to measure root system length and surface areas became necessary.  
Techniques that involve line-intersection methods were created to more directly assess 
root system lengths (Newman, 1966; Reicosky et al., 1970; Marsh, 1971; Tennant, 
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1975).  The most highly accepted and utilized of these statistical approximation 
methods was described by Tennant (1975) and was based on line-intersect principles 
that were first developed by Newman (1966).  To date, modern root measurement 
algorithms and root phenotyping systems still compare and validate their techniques 
using the Tennant method (Smit et al., 1994; Arsenault et al., 1995; Kimura et al., 
1999).   
Although the Tennant method was found to be quite robust for determining root 
system lengths, the reliance on the manual counting of root-grid intersections was quite 
time consuming, so automated procedures using electro-mechanical counters and the 
first digital root image analysis techniques were introduced (Kimura et al., 1999).  
Additionally, alternative methods to assess root system length and distribution in soil 
environments were also developed (Fusseder, 1983).  As computer processing became 
more commonplace, many digital root image analysis techniques began to be 
introduced and validated (Bland, 1989; Tatsumi et al., 1989; Taylor et al., 1990; Zoon 
and Tienderen, 1990; Pan and Bolton, 1991; Smit et al., 1994; Dowdy et al., 1995).  At 
that time digital flatbed scanners were more highly utilized than digital cameras, in part 
due to accessibility and cost, but also because high resolution images could be 
obtained with large capture areas.  The number of pixels recorded across the width of 
the roots was later more rigorously tested and shown to be critical for the accurate and 
reliable assessment of root widths (Zobel, 2003; Genis et al., 2006).  In the mid-1990’s, 
the first commercial root analysis systems (Kirchhof and Pendar, 1993; Arsenault et al., 
1995) as well as public domain software tools (Kaspar and Ewing, 1997) were released.  
The development and testing of measurement algorithms continued (Kimura et al., 
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1999; Bouma et al., 2000; Costa et al., 2000; Kimura and Yamasaki, 2001, 2003; 
Himmelbauer et al., 2004; Genis et al., 2006), however, WinRHIZO analysis techniques 
(1995) became an excepted standard that is commonly used by researchers for many 
root system studies. 
Modern root phenotyping systems 
Much of modern root measurement for phenotyping purposes has been driven by 
the development of laboratory and greenhouse-based growth methodology along with 
the simultaneous expansion of imaging and analysis techniques and germplasm 
resources.  To date, laboratory growth methods include hydroponics, agar plates, 
paper/cloth pouches, gel plates, box and cylinder growth systems, and aeroponic 
arrangements, while greenhouse growth methods typically include pots, cylinders, 
plates and troughs that are filled with soil, soil substitute, or sand mixtures.  Rhizotron 
and minirhizotron growth methods have also been developed to complement coring and 
trenching techniques in field and greenhouse settings.  Additionally, root system image 
capture techniques have been expanded.  Digital flatbed scanner and camera systems 
are the most ubiquitous today, however methods using x-ray radiography, neutron 
radiography, laser scanning, laser sectioning, MRI, PET, CT, and μCT have also been 
demonstrated and refined to image crop root system in both two and three-dimensions. 
Lab and greenhouse-based root growth methods 
A wide range of lab and greenhouse-based techniques have been developed for 
growing plants to investigate and quantify root systems.  Most take advantage of 
general purpose supplies, making them accessible to many research institutions.  This 
section will briefly summarize the more common laboratory and greenhouse growth 
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systems, but will not comprehensively review all forms and combinations of growth 
techniques.  These systems include hydroponic systems, paper/cloth pouch systems, 
gel-based systems and pot-based systems.  
Hydroponic growth systems are widely used during root system experiments that 
require precise, reproducible, non-diffusion-limited control of the rhizosphere conditions, 
including nutrient, temperature and pH regimes (Gericke, 1945).  In these systems, the 
shoots of the plants are suspended above a liquid nutrient solution using foam, mesh or 
cups, allowing the root systems to grow freely in the nutrient solution that fills the growth 
container.  Hydroponic systems have been constructed with growth container sizes 
ranging from small magenta jars (Hoekenga et al., 2006) to large tubs and troughs.  
Some systems use recirculation and/or aeration to mix and homogenize the chemical 
environment, while others systems are left unaerated and/or unstirred.   
Similar to hydroponic systems, aeroponic systems are nutrient solution-based 
systems that have been used to grow plants with controlled rhizosphere conditions, 
however, they have only recently been utilized during root system growth quantification 
experiments (Draye, 2012).  In these systems, the root of the plants are allowed to grow 
freely in the open airspace of a closed container and are misted with nutrient solution on 
a fixed cycle (Zobel et al., 1976).  Aeroponic systems have been adapted for studying 
plant nutrition and root-microbe interactions (Burgess et al., 1998; Kratsch et al., 2006) 
as well as for horticultural operations in order to manage and reduce nutrient and water 
usage. 
Paper and fabric-based pouch and plate systems have also been used to 
quantify root systems.  These systems constrain root growth to two dimensions by 
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forcing the root systems to grow inside plastic envelopes (Liao et al., 2001) or between 
two semi-rigid plastic or glass sheets (Chen et al., 2011).  The inside surface(s) of the 
sheets are backed with paper or fabric so that root systems are in contact with 
absorbent material moistened with nutrient solution at all times.  These systems 
preserve the 2D architecture of the root while also allowing temporal root system data to 
be collected.  Multiple pouches are typically placed inside containers that are partially 
filled with nutrient solution.  The pouches are placed in the container with their semi-
open bottoms immersed in the solution in order to allow the solution to be drawn up and 
retained in the paper or fabric by capillary action.  Other designs that have larger 
pouches or fabrics having insufficient capillary properties have also utilized controlled 
recirculation systems with drippers that water the pouches on a fixed cycle. 
Gel-based agar, agarose and gellan gum systems have also been used for root 
system studies.  Gel plates (such as petri plates) are commonly used during 
experiments involving smaller plants such as Arabidopsis (Arabidopsis thaliana), a 
model dicotyledonous species.  In these plate systems, the seeds are planted on top of 
the gel media in the plates (Simmons et al., 1995).  The plates are then oriented 
vertically and the plant root systems grow along the surface of the gel allowing the two 
dimensional growth of the root system to be observed and measured over time (Wells et 
al., 2012).  Other types of gel-based techniques include gel box and cylinder systems.  
Similar to pouch systems, gel box systems constrain root growth to two dimensions with 
two closely spaced plates (usually one or both plates are clear) between which a gel 
layer poured (Bengough et al., 2004).  This also allows the root systems to grow freely 
in two dimensions and preserve the 2D architecture of the root systems.  Gel cylinder 
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systems are composed of clear plastic or glass cylinders ranging from 80mm to 300mm 
in diameter that are filled with clear, nutrient-replete gellan gum (Fang et al., 2009).  The 
plant root systems are allowed to develop and grow in three dimensions within the 
confines of the cylinder.  The 3D architectural characteristics of the root systems are 
preserved as the root system grows, allowing spatial data to be collected over time 
(Clark et al., 2011).  For all gel-based techniques, the nutrient and pH conditions are 
typically set when the gel is prepared, however, pH buffers are commonly used in gel 
plate experiments.  
Greenhouse growth systems typically use pots, cylinders and troughs that are 
filled with soil, soil-substitute or sand mixtures.  For root system studies where the plant 
root systems are excavated, it is necessary to separate and clean the soil particles from 
the root surfaces.  This process can be laborious and time consuming so a great deal of 
consideration is paid when designing and/or selecting a soil substrate to use during the 
study.  Natural soils are often selected to reproduce the true rhizosphere conditions at 
specific field sites, however homogenous and heterogeneous mixtures of soil 
substitutes, potting mixes, and sand are also common.  In most cases the growth 
containers are directly filled with the soil mixture, however some studies have also lined 
the inside of containers with an opaque plastic sheath that allows the root systems and 
soil to be removed for undisturbed viewing of root system distribution at harvest.  Some 
experiments also subdivide the containers into vertical sections allowing the soil 
columns to be broken into distinct sections to record depth-related growth information 
(Hund et al., 2009).  Additionally, other experiments use horizontally-oriented placed 
gridded material, such as mesh within the soil column, allowing the soil material to be 
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washed away and the roots to be collected, counted and imaged separately (Liao et al., 
2001; Uga et al., 2011). 
Rhizotron techniques are often used during greenhouse and field root system 
studies.  Rhizotrons are soil filled containers, troughs and in-field trenches with a single 
or multiple clear surfaces in contact with the soil of the rhizosphere.  The portions of the 
plant root systems that come in contact with the clear plastic or glass can be observed 
and measured over time.  Rhizotrons come in many forms with some as small as plate 
designs similar to gel boxes, or as large as whole greenhouse units with basement 
galleries for viewing the roots and collecting samples (Huck, 1982).  Recently, rhizotron 
techniques have also been integrated into automated public (Nagel et al., 2012) and 
commercial (LemnaTec GmbH, Wuerselen, Germany) greenhouse designs to capture 
and quantify both root and shoot characteristics simultaneously. 
Minirhizotron techniques have also been developed and used during field and 
greenhouse experiments.  Minirhizotrons are clear, hollow tubes that are installed in the 
soil underneath the plant before it is planted.  The rhizotron tubes are inserted so that 
one end of the tube is accessible to a specialized camera that can be used to image the 
roots that come in contact with the outside surface of the tube (Aust, 1988). 
Root image capture methods  
Most modern root quantification methods involve some degree of image capture 
and software processing and analysis, however, it is still effective and common to 
collect root system weights or take manual measurements using rulers, protractors and 
calipers during many experimental situations (Trachsel et al., 2011).  In addition to 
imaging via digital photography and scanning, many other techniques have been 
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introduced to capture root images.  It should be noted that every technique has it’s own 
specific advantages and each technique also has a unique set of constraints and 
limitations.  Experimenters must first explore their options in order to balance tradeoffs 
between growth method(s), image capture technique(s) and analysis techniques for a 
particular root system study. 
Root system image capture methods can be roughly broken into two categories, 
2D imaging methods and 3D imaging methods.  Additionally, some techniques can be 
used to cull 3D information from 2D data collection methods.  These methods include 
specific growth and collection protocols such as minirhizotrons or soil column 
sectioning, or software-based techniques that statistically estimate 3D features from 2D 
image data (Arsenault et al., 1995). 
Digital imaging via photography or scanning can be used to capture 2D images 
of root systems collected from almost any growth system.  Depending on the application 
and desired measurements, it can more advantageous to use either camera-based 
systems or scanner-based systems.  Digital cameras are useful during high-throughput 
applications and enable a range of hardware designs to be selected.  In addition to 
rapid image capture rates, cameras can also collect multi-spectral data that can be 
useful during whole plant phenotyping under both biotic and abiotic stress.  With digital 
cameras, however, tradeoffs exist between capture resolutions (pixels per mm) and 
capture areas because of the fixed density of their sensor arrays (Zobel, 2008).  
Scanners can capture very high resolution images at low costs and do not need to be 
aligned, focused and calibrated.  Scanners are useful during root studies involving width 
classification of fine roots, but sometimes require the destructive staining of the root 
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system to improve contrast and accuracy.  Based on the scanning area and desired 
image resolution, scanners can require much more time to capture images which 
reduces their throughput and applicability in large screening experiments. 
In some 2D root imaging studies, the root systems are removed from their growth 
media and spread out in a clear, water-filled tray (Famoso et al., 2010; Clark et al., 
2012).  The roots are aligned in the focal plane of the camera or scanner and root 
system images are captured.  This technique is further described as utilized in the 
research presented in Chapter II.  Other types of 2D planar imaging protocols involve 
rhizotrons and gel plates, where images of the root systems are taken in-situ, however, 
the imaging principles are similar. 
Other 2D imaging methods extract 2D images from 3D soil-based systems.  One 
example is x-ray radiography, which has historically been used during medical 
diagnostics, but has also been applied to image roots.  During x-ray imaging, x-ray 
radiation produces a 2D intensity image based on the attenuation of x-rays as they pass 
through objects in the imaging volume.  During the process, the 3D structures in the 
volume are projected and flattened into two dimensions (Pierret et al., 2003).  To 
complement x-ray imaging, neutron radiography produces similar intensity images using 
neutrons to capture images of root system growing in-situ (Willatt et al., 1978).  Since 
neutrons are most strongly attenuated by hydrogen, neutron radiography is better at 
dealing with metal impurities and visualizing water saturation levels of the soil (Moradi et 
al., 2009).  Similar to x-ray and neutron imaging, digital photography has also been 
used to image root systems growing in clear growth containers such as gel cylinders or 
hydroponic magenta jars (Hoekenga et al., 2006; Iyer-Pascuzzi et al., 2010).  In these 
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cases, however, the growth substrate must be transparent and depth of the focal field 
must be adjusted to capture all the roots with clarity.  
3D image capture methods can be broken into two categories, surface 
reconstruction methods and volumetric reconstruction methods.  Since crop roots are 
small structures, during whole root system imaging studies all 3D imaging modalities 
capture the roots at resolutions that cannot resolve the cellular structure of the roots.  
Therefore, during the subsequent root extraction and analysis it is more common to 
represent the root systems as solid objects known as surface models.  These surface 
models are sometimes also referred to as 2.5D representations of the root systems. 
Volumetric imaging techniques are mainly used during medical diagnostics and 
have also been used to image root systems.  X-ray computed tomography (CT) and 
microcomputed tomography (μCT) are techniques that use x-ray beams to non-
destructively capture cross-sectional slices of root systems that are growing in soil 
substrates (Smit, 2000).  The x-rays are emitted and captured from rotational positions 
around the imaging volume allowing the root objects to be reconstructed and extracted 
from the surrounding substrate.  Similar to CT, magnetic resonance imaging (MRI) and 
positron emission tomography (PET) are other volumetric techniques that were 
developed for the medical community and have been applied to the imaging of root 
systems.  MRI uses principles of nuclear magnetic resonance (NMR), where 1H nuclei 
(or other nuclei) of the roots are oriented in a strong static magnetic field and an 
external electromagnetic radiation is applied at an optimal resonance frequency in a 
direction that is orthogonal to the static field (Antonsen et al., 1999).  This radiation is 
absorbed then reemitted by the 1H nuclei in the volume and can be recorded and 
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analyzed in order to reconstruct 3D images.  PET imaging uses gamma rays that are 
generated by decaying positrons from 11C atoms and interact with labeled tracers that 
have been assimilated by the root systems.  These gamma rays are captured and 
recorded to generate 3D images of the root system (Jahnke et al., 2009).  Even though 
CT, MRI and PET are typically used for medical imaging, several studies have been 
conducted to improve this methodology for root system imaging, including the 
optimization of the growth substrates, acquisition procedures and processing methods 
(Flavel et al., 2012; Mairhofer et al., 2012).  While much improvement has been made 
since the initial demonstration of these techniques, many limitations still remain.  These 
shortcomings include limited accessibility to imaging facilities, high cost, small capture 
volumes and/or low resolution, poor root extraction ability, and long image acquisition 
times. 
Surface reconstruction techniques involving digital imaging or laser scanners are 
optical tomography approaches that require the growth substrate be optically clear or 
that the root systems be removed from the growth substrate prior to imaging.  Image-
based 3D reconstruction techniques initially stem from the computer vision discipline 
(Chien and Aggarwal, 1986), and were adapted for root system imaging by Zhu et al 
(2006) and Fang et al (2009) at South China Agricultural University.  In these initial 
studies the root systems of soybean plants were grown in cylinders containing sand with 
a fixed number of mesh layers.  After the experimental growth period, the cylinders were 
dried and the sand and mesh was removed allowing the dry, rigid root systems to be 
imaged and reconstructed.  Later, a commercial laser scanner system was adapted by 
the same lab to non-destructively image living root systems that were growing in clear 
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growth cylinders filled with a gellan gum substrate.  This allowed whole root systems to 
be imaged and measured in 3D over time.  Both of these studies have demonstrated 
the practicality of using digital imaging and the gellan gum growth methods to 
investigate the 3D characteristics of root systems over time and have provided the 
foundation for a substantial part of this dissertation (Chapters III and IV). 
Root quantification software and measurement types  
With the variety of growth and imaging techniques available to capture root 
system images for quantification, many general purpose and custom software tools 
have been developed to process and analyze roots system images.  A list of currently 
available root analysis software systems with general usage information is summarized 
in Table 1.1.  Further information about these software tools can be found at the 
following website dedicated to root imaging analysis software: www.root-image-
analysis.org/. 
Many of these analysis tools were designed for specific types of root imaging 
experiments and share overlapping features with other software packages.  This 
redundancy is unavoidable and increases their possible utility during other root studies.  
The types of measurements that are generally focused on during the root system 
quantification studies are summarized in a review on root architecture and plant 
productivity (Lynch, 1995).  Root architecture is commonly used as a catch-all phrase to 
describe many aspects of root system quantification; however, four main classes of root 
system measurements (including root architecture) are outlined in the review. 
Root architecture can be distinguished from three other root system features: 
root morphology, root topology and root distribution. Root morphology looks at the 
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features along a single root or root axis.  These features include patterning of root hairs 
and daughter roots, root surface characteristics and undulations, and root diameters.  
Root topology describes how the roots within a root system are connected through 
branching.  This contextualizes the whole root system in a network framework and 
subsequently allows established mathematical and computation principles from the 
fields of topology and graph theory to be applied.  Root distribution describes the 
position where roots of the entire root system or a subset of the root system are present 
in the root volume.  This positional distribution of the root system is comprised of root 
properties including root type, root length, root volume and root surface area.  The focus 
of this research, root architecture, is defined as the geometric and spatial configuration 
of the entire root system and supersedes both root distribution and topology.  Root 
morphology and root hair characteristics are not usually included in architecture 
quantification; however measurements of root architecture can also be used to describe 
root distribution and topology. 
While the different types of root measurement can described and classified, a 
clear and defined ontological system has not been establish due to the extensive 
variation in plant root system architecture and formation.  This complexity is further 
exacerbated by the numerous growth, imaging and analysis methods that are under 
continuous development for the study of root systems under specific conditions.  
Establishing a more unified and defined classification system would possibly reduce 
some the complexity and ambiguity of describing root systems and further direct how 




Table 1.1:  Currently available root analysis software tools and information about their applications. 
Software Availability Website Corresponding Growth System 
Range of 
Measurements General Description 
DART Freeware http://www4.paca.inra.fr/psh/Outils/Dart H SR, TRS 
Semi-automated software for studying inter-root 
branching of root networks.  Relies on manual user 
interaction to identify roots across time series images. 
(Le Bot et al., 2010) 
Delta-T-Scan Commercial http://www.delta-t.co.uk/default.asp NS TRS Automated software to measure root characteristics from 2D root image scans. 
EZ-Rhizo Freeware http://www.psrg.org.uk/ez-rhizo.htm GP TRS 
Semi-automatic software to detect and measure several 
2D root system architecture (RSA) traits. (Armengaud et 
al., 2009) 
GiA Roots Freeware http://www.rootnet.biology.gatech.edu/giaroots/download/signup.php NS TRS 
Automated software to facilitate the large-scale analysis 
of root system architecture and root structures. 
(Galkovskyi et al., 2012) 
GROWMAP-root Freeware (unavailable) 
http://www.fz-juelich.de/ibg/ibg-2/EN/methods_jppc/GROWMAP-
root/_node.html GP SR 
Automated software system to monitor and determine 






2/EN/methods_jppc/GROWSCREEN_root/_node.html GP SR, TRS 
Automated software to analyze root architecture from 
whole root system grown on agar plates. (Nagel et al., 
2009) 
Growth Explorer Freeware http://home.iitk.ac.in/~apal/growthexplorer.html PP SR 
Software tool and methodology to analyze the spatio-
temporal emergence and growth of individual roots in a 
root system. (Basu and Pal, 2012) 
ImageJ Freeware http://rsbweb.nih.gov/ij/ NS SR 
General purpose image processing program that is 
typically used to pre-process root images and assist of in 
the manual measurement of roots.  The program can be 
extended using custom plugins. (Rasband, 1997-2012)  
KineRoot Freeware http://roots.psu.edu/node/782 H SR 
Software tool to measure spatio-temporal growth 
patterns and curvature of roots by tracking small 
particles on the root surfaces. (Basu et al., 2007) 
Corresponding Growth System: Hydroponics (H), Paper pouch (PP), Gel plate (GP), Gel cylinder (GC), Rhizotron (R), Minirhizotron (MR), Soil (S), Soil substitute (SS), Not specialized (NS); Range of 




Table 1.1 (continued) 
Software Availability Website Corresponding Growth System 
Range of 
Measurements General Description 
MR-RIPL Freeware http://rootimage.msu.edu/MR-RIPL/index.html R, MR TRS Automated software to detect and measure roots from rhizotron and minirhizotron root images.   
Root Image 
Analyzer Freeware http://rootimage.msu.edu/root_images/new R, MR TRS 
Automated software to measure roots from rhizotron 
and minirhizotron root images. 
ROOTEDGE Freeware http://www.ars.usda.gov/Services/docs.htm?docid=10784 NS TRS 
Automatic software to measure geometric 
characteristics of binary objects. (Kaspar and Ewing, 
1997) 
RootFlowRT Freeware http://www.bio.umass.edu/biology/baskin/RootflowRT_html/About.htm GP, H SR Software to measure the expansion profile of growing roots. (van der Weele et al., 2003)   
RootFly Freeware http://www.ces.clemson.edu/~stb/rootfly/ R, MR SR 
Software to measure root traits from rhizotron and 
minirhizotron images.  Uses color information analyze 
root birth and death rates. (Zeng et al., 2010)  
RootLM Freeware http://digital.cs.usu.edu/~xqi/RootLM/ GP SR 
Automated software to measure root growth from 
manually drawn growth tracks on petri dish surfaces. (Qi 
et al., 2007) 
RootReader2D Freeware http://www.plantmineralnutrition.net/rootreader.htm NS SR, TRS Semi-automated software for measuring root lengths from 2D root system images. (Clark et al., 2013) 
RootReader3D Freeware (unavailable) http://www.plantmineralnutrition.net/rootreader.htm GC SR, TRS 
Semi-automated software to reconstruction and quantify 
3D root traits from 2D rotational image sequences. 
(Clark et al., 2011) 
RootScan Freeware http://roots.psu.edu./en/rootscan NS SR 
Automated software to measure anatomical traits from 
microscope images of root cross-sections. (Burton et 
al., 2012) 
RootSnap Commercial http://www.cid-inc.com/ci-690.php R, MR SR Interactive software to measure roots from rhizotron and minirhizotron images. 
Corresponding Growth System: Hydroponics (H), Paper pouch (PP), Gel plate (GP), Gel cylinder (GC), Rhizotron (R), Minirhizotron (MR), Soil (S), Soil substitute (SS), Not specialized (NS); Range of 




Table 1.1 (continued) 
Software Availability Website Corresponding Growth System 
Range of 
Measurements General Description 
MR-RIPL Freeware http://rootimage.msu.edu/MR-RIPL/index.html R, MR TRS Automated software to detect and measure roots from rhizotron and minirhizotron root images.   
RootTrace Freeware http://www.cpib.ac.uk/tools-resources/roottrace/ GP SR 
Semi-automatic software to measure root length and 
curvature characteristics from root system images. 
(French et al., 2009)  
RootTrak Freeware http://www.cpib.ac.uk/tools-resources/rootrak/ S, SS TRS Software to extract root systems form x-ray micro CT images. (Mairhofer et al., 2012) 
RootVisFS Commercial http://www.phenotypescreening.com/ SS TRS Software to analyze root systems from x-ray images. 
SAW Roots Commercial http://www.lemnatec.com/ MR TRS Software to analysis root images from minirhizotron cylinders. 
SkyeRoot Commercial http://www.skyeinstruments.com/ NS TRS Automated software to measure and analyze root system images. 
SmartRoot Freeware http://www.uclouvain.be/smartroot GP SR, TRS 
Semi-automatic ImageJ software toolkit used to measure 
root growth and architecture from 2D root system 
images. (Lobet et al., 2011)  
TIPTRACKER Freeware (unavailable) http://www.cpib.ac.uk/tools-resources/ H, GP SR 
Automated software for tracking the orientation of a 
growing root tip from high resolution microscopy images. 
(Wells et al., 2012) 
WinRhizo Commercial http://www.regentinstruments.com/ NS SR, TRS 
Automated software to measure root characteristics 
based on diameter classes from 2D root images. 
(Arsenault et al., 1995) 
WinRhizo Tron Commercial http://www.regentinstruments.com/ R, MR SR Semi-automated software to assist in the measurement and analysis of rhizotron and minirhizotron images. 
WR-RIPL Freeware http://rootimage.msu.edu/WR-RIPL/index.html NS TRS Automated software to measure root length and volume from scanned 2D root images. 
Corresponding Growth System: Hydroponics (H), Paper pouch (PP), Gel plate (GP), Gel cylinder (GC), Rhizotron (R), Minirhizotron (MR), Soil (S), Soil substitute (SS), Not specialized (NS); Range of 




This chapter provides a general overview of the biological importance of root 
systems and the tools and techniques that have been established to study them.  Many 
of the concepts that were discussed touch on a wide range of disciplines including root 
biology, engineering and computation.  The application and integration of these and 
other interdisciplinary approaches will be necessary to continue to  advance research in 
root biology as well as in other related disciplines. 
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HIGH-THROUGHPUT TWO-DIMENSIONAL ROOT PHENOTYPING PLATFORM 
TO ANALYZE ROOT GROWTH AND DEVELOPMENT 
 
ABSTRACT 
High-throughput phenotyping of root systems requires a combination of 
specialized techniques and adaptable plant growth, root imaging and software tools.  A 
custom phenotyping platform was designed to capture images of whole root systems, 
and novel software tools were developed to process and analyze these images.  The 
platform and its components are adaptable to a wide range root phenotyping studies 
using diverse growth systems (hydroponics, paper pouches, gel and soil) involving 
several plant species, including, but not limited to rice, maize, sorghum, tomato and 
Arabidopsis.  The RootReader2D software tool is free and publicly available and was 
designed with both user-guided and automated features that increase flexibility and 
enhance efficiency when measuring root growth traits from specific roots or entire root 
systems during large-scale phenotyping studies.  To demonstrate the unique 
capabilities and high-throughput capacity of this phenotyping platform for studying root 
systems, genome-wide association studies on rice (Oryza sativa) and maize (Zea mays) 
root growth were performed and root traits related to aluminum (Al) tolerance were 




Digital imagery and automated analysis provide new opportunities for plant 
researchers to study a wide range of physiological and developmental plant processes 
with greater efficiency (Brewer et al., 2006; Chavarría-Krauser et al., 2008; Wang et al., 
2009).  With the development of both general purpose and custom root analysis 
systems, many unique quantitative studies of root system growth are now possible 
(Zeng et al., 2008; Le Bot et al., 2010).  In recent years, root analysis system designs 
have focused on combining imaging methods with automated algorithms that enable 
root system features to be measured or tracked (Armengaud et al., 2009; French et al., 
2009; Basu and Pal, 2012; Galkovskyi et al., 2012). 
To date, notable progress has been made investigating plants grown on agar 
plate systems (Miller et al., 2007; Qi et al., 2007; Nagel et al., 2009; Yazdanbakhsh and 
Fisahn, 2009); however, due to the high specificity of these designs, many researchers 
still depend on manual methods involving tracing or hand measurement of roots.  
Manual techniques remain reliable for small experiments involving simple root system 
structures and measurements, however there is continued interest in exploring new 
techniques to capture and extract phenotypes from a wider variety of root systems with 
greater throughput and reduced subjectivity (French et al., 2009).  Furthermore, as 
researchers work to unravel the genetic, molecular and developmental networks that 
underlie the subtle growth characteristics and responses of root systems, the 
development of high-throughput, multi-functional platforms becomes essential (Malamy, 




The design of phenotyping systems requires the integration of image capture 
techniques combined with complementary processing and analysis tools.  Off-the-shelf 
imaging systems have been incorporated successfully into many phenotyping systems 
to generate high quality root images and software analysis tools have been developed 
to complement these techniques (Miller et al., 2007; French et al., 2009; Lobet et al., 
2011).  The potential for automated analysis of crop root systems during genetic 
mapping studies and the importance of including user-guided processes to assist with 
the analysis of root-specific characteristics have been highlighted by several recent 
studies from our lab as well as other labs (Iyer-Pascuzzi et al., 2010; Le Bot et al., 2010; 
Clark et al., 2011; Lobet et al., 2011; Nagel et al., 2012). 
For the research detailed here, a platform was developed to acquire intact root 
system images in order to quantify root growth responses both from whole root systems 
and specific roots of interest.  Using standard photography equipment, a digital imaging 
system was designed to efficiently capture high resolution root images with high 
contrast, precision and accuracy.  Using the Java programing language, a semi-
automated analysis software was developed to process and measure root system traits.  
Here, the RootReader2D software is introduced as a general tool designed for the 2D 
analysis of root system images from a broad range of phenotyping studies.  Working 
with a hydroponic growth system, two whole genome screens of rice and maize 
diversity panels were performed to demonstrate the high-throughput capabilities during 
large-scale mapping studies.  Additionally, to highlight the flexibility of the platform for 
measuring unique, root type-based traits were also evaluated on the parents of the 
maize (Zea mays) nested association mapping (NAM) population. 
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RESULTS AND DISCUSSION 
The following sections summarize key aspects of the 2D root phenotyping 
platform and present results from studies with rice and maize to demonstrate the utility 
of this approach during both large-scale mapping and unique root system investigations. 
The RootReader2D software tool is free and publicly available as a Java Web 
Start (Sun Microsystems, Santa Clara, CA, USA) application and can be used in a wide 
range of root system studies.  Its graphical interface contains several viewing, 
processing and measurement options combined with batch processing and user-guided 
features (Fig. 2.1).  For more information on the RootReader2D software tool, visit 
http://www.plantmineralnutrition.net/rootreader.htm for software documentation or to 
access and launch the software. 
RootReader2D processing and analysis 
During the analysis of a single root system image (Fig. 2.2A), the color or 
grayscale image is first opened with the RootReader2D software and thresholded to 
generate a binary image where the root system appears blue against the background 
(Fig. 2.2B).  The binary root image is then skeletonized (Hilditch, 1969) to generate a 
unit width curve representation of the root system composed of skeleton points (Fig. 
2.2C).  The root system skeleton points are then classified as either endpoints or 
connector points based on their adjacency, defined as “valence”, to neighboring 
skeleton points within local 3 x 3 pixel regions of the image.  Each skeleton point can 




Figure 2.1:  A) RootReader2D software screenshot with measuring log and image of 
analyzed maize root system where primary, seminal and total root lengths have been 
measured.  B) Diagram of processing steps for root analysis with the RootReader2D 
software.  The steps shaded in gray are performed automatically during batch 





















Figure 2.2:  Depiction of processing and analysis steps with RootReader2D software.  
A) Original maize root image.  B) Threshold points (blue).  C) Skeleton points (red).  D) 
Processed root image with primary and two seminal roots selected (yellow).  
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connector points have valances of 2.  Isolated points that have valences of 0 are 
removed from further processing and groups of clustered endpoints are reduced into 
single, representative endpoints using a “valence driven spatial median” technique 
described by Wang and Cheng (2008).  The classified skeleton points are then 
separated into distinct segments that contain two endpoints joined by zero or more 
connector points.  The lengths of the generated segments are then found using an 
automated polyline estimation technique.  A polyline is a continuous line consisting of 
one or more line segments and is commonly used during the estimation of curve lengths 
(Shirley and Ashikhmin, 2005).  A graph-based data structure (or network) is then 
created where the skeleton endpoints represent nodes and connector points represent 
edges (Weiss, 2002).  Dijkstra’s algorithm (Dijkstra, 1959) is then applied to find the 
shortest connected path through the skeleton network from each endpoint to every 
other endpoint where the individual segment lengths are used as weight criteria.  These 
paths are stored in computer memory for use during root selection and further analysis. 
During the segment length calculation, the total length of the whole root system is 
automatically found by summing the total length of skeleton segments in the image.  If 
specific roots need to be measured, the start (usually the seed) and end (root tip) of any 
root of interest can be selected via interactive mouse commands.  During the root 
selection process, the RootReader2D software uses the interactively selected root 
endpoints and stored shortest path information to display the selected root path in real-
time (Fig. 2.2D).  If any portion of the generated root path through the skeleton network 
is incorrect, the user can modify and correct the generated path using mouse and 
keyboard commands.  For each selected root, estimates of lateral root branching counts 
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are automatically generated by summing the root skeleton intersections along the 
selected root path, excluding the start and end endpoints.  The processing information 
and measurement data for the image can then be saved to an xml-formatted rr2dat data 
file.  
High-throughput root phenotyping and general applications  
The growth, imaging and RootReader2D software tools (Fig. 2.1A and Fig. 2.3) 
were designed to facilitate the efficient measurement of root lengths from crop root 
systems during large-scale phenotyping experiments.  Building off previous hydroponic 
techniques developed in our lab (Magalhaes et al., 2004), a floating foam system was 
designed to support the plants and allow unimpeded access of all roots to the nutrient 
solution during growth, while also reducing plant handling and improving efficiency 
during photography.  Utilizing this foam support system in conjunction with the 
stationary imaging setup allows intact seedling root systems of rice and maize (less 
than 7 days old) to be spread out, imaged (with one imaging system) and replaced by 
two people at an optimal rate of 12 seconds per plant during multi-tub experiments. 
The RootReader2D software was developed with batch processing capability to 
minimize user interaction, allowing repetitive image processing and measurement tasks 
such as thresholding, skeletonization, and graph generation to be performed 
automatically on large image sets using fixed parameters (Fig. 2.1B).  During batch 
processing routines, all of the generated processing data are stored in rr2dat data files 












Figure 2.3:  A) Illustration of the imaging system with close-ups of small components (C 
– camera; CS – copy stand; LB – light box; ST – specimen tray).  B) Image of the 
hydroponic growth system with floating foam strips.  This system has been used for 
growing maize (Zea mays), wheat (Triticum aestivum), rice (Oryza sativa) and sorghum 







(de Sousa et al., 2012).  The individual rr2dat and corresponding image files can be 
opened at any time with the RootReader2D software, displaying the processing data on 
the image for further inspection, commenting, root selection, modification and 
measurement.  In cases where only whole root system measurements are needed, 
batch analysis is performed and root phenotypes for thousands of plants can be 
obtained overnight (Famoso et al., 2010; Famoso et al., 2011).  Although the rate of 
batch processing is a function of the selected thresholding filter, the complexity of the 
root systems in the images, and the computer’s hardware specifications, 4 day old 
maize seedling images (similar to those shown in Fig. 2.2 and Fig. 2.11A) are 
automatically processed at an average rate of less than 60 seconds per image on a 
modern personal computer.  When analyzing older, intact plants (more than 7 days old) 
with complex root systems, large increases in the number of skeleton endpoints can 
result in slower performance and longer processing times during the shortest path 
routine during graph generation.  Additionally, older root system images require larger 
processing (random access memory) and storage (hard drive) capacities to generate 
and store the rr2dat data files.  The data files generated for very complex root systems 
can sometime be larger than 200MB per image and require thoughtful data 
management and storage strategies, however, for young seeding root systems (less 
than 7 days old), the data file sizes are typically less than 30MB per image.  After 
processing the images, all of the root system measurements can be individually or 
batch written to a measurement log for viewing and can be exported to comma-
separated value (CSV) files.   
The integration of user-guided root selection features into the RootReader2D 
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software increases the power and flexibility to analyze specific root components of 
whole root systems, but consequently reduces the throughput of the complete image 
analysis process.  To improve efficiency during root selection, RootReader2D software 
was designed with a simple graphical user interface (GUI) that takes advantage of both 
keyboard shortcuts and mouse section and navigation commands.  Depending on the 
complexity and prevalence of root overlaps in the image, roots can sometimes be 
selected with one mouse click/selection (for example, primary roots can be selected by 
clicking on the seed only), however in most cases it is more efficient to select both the 
start and end of the desired roots.  Individual roots from older or more highly overlapped 
root systems (similar to the root system in Fig. 2.1A) can also be selected and 
measured using built-in path modification techniques.  For 4 day old maize images, the 
semi-automatic selection of the primary and seminal roots typically takes less than 40 
seconds per image by an experienced user. 
Although the imaging platform and RootReader2D software has mainly been 
used to quantify roots of hydroponically grown plants, these tools have also been used 
by our lab to phenotype a variety of plant species that were grown in other growth 
systems with little or no changes.  Recent applications have included the phenotyping of 
micronutrient toxicity/deficiency in Arabidopsis (Arabidopsis thaliana) ecotypes grown 
on agarose plates with multiple plants (Fig. 2.4A) (Milner et al., 2012) and root 
architecture and trait evaluation of sorghum (Sorghum bicolor), maize and rice plants 
grown in paper pouch, gellan gum and sand culture systems (Fig. 2.4B) (Clark et al., 
2011; de Sousa et al., 2012).  Additionally, non-root phenotypes such as shoot, awn 










Figure 2.4:  Examples of other types of images processed and analyzed with 
RootReader2D (RR2D).  See http://www.plantmineralnutrition.net/rootreader.htm for 
details on lighting arrangements and thresholding techniques.  A) RR2D analyzed 
image of agar plate grown Arabidopsis root systems.  Image captured using oblique 
lighting and thresholded with an adaptive thresholding technique.  B) RR2D analyzed 
sand culture grown rice root system.  Image captured using backlighting and 
thresholded with a double adaptive blur thresholding technique.  C) RR2D analyzed rice 
shoots.  Image captured using backlighting and thresholded with a fixed thresholding 







Other root phenotyping tools 
Due to the varying nature of plant growth experiments, a wide variety of 
phenotyping systems and software analysis tools have been developed to investigate 
root systems.  Most root image analysis tools are designed to maximize utility during 
specific applications and have complementary overlap with other tools.  In many cases, 
different phenotyping platforms and their respective analysis tools can be adapted after 
thoughtful consideration and refinement of experimental methods, however the 
comprehensive analysis of root systems often requires the use of several phenotyping 
strategies and tools. 
Two root phenotyping platforms that have been developed and used in our lab to 
investigate root systems are the 3D imaging system that was introduced by Clark et al 
(2011) and the 2D imaging system that is presented here (Clark et al., 2012).  The 3D 
imaging system and the RootReader3D analysis tool were created to capture and 
measure 3D root system architecture (RSA) characteristics over time from plants grown 
in 3D gellan gum systems, but have modest throughput (~100 plants per week).  The 
2D imaging system and RootReader2D analysis tool described here were designed for 
measuring 2D root length and growth characteristics of the whole root systems or 
selected roots of interest during large scale (>1000 plants per week), semi-automated 
hydroponic studies.  Although these two systems serve different niches, they both have 
been used to measure root lengths (Famoso et al., 2010; Clark et al., 2011; Famoso et 
al., 2011; Milner et al., 2012) and contain novel algorithms and features that enable both 




In addition to the two imaging platforms utilized by our lab, many other platforms 
and software tools have been developed to analyze roots growing in setups ranging 
from soil (field and greenhouses) to hydroponics and gel (greenhouses and 
laboratories).  These tools have complementary features to RootReader2D and 
RootReader3D, but also fill unique and varying experimental niches.  General details 
about these software tools and their applications can be found in Chapter I and Table 
1.1 or at www.root-image-analysis.org, a website dedicated to root image analysis that 
was created by the developer of the SmartRoot software toolkit (Lobet et al., 2011). 
 
Example 1:  High-Throughput evaluation of primary and total root system growth 
of rice and maize diversity panels 
The genotyping of linkage and association mapping populations with next 
generation sequencing technology has greatly expanded the genomic information 
available to plant researchers.  In combination with higher throughput phenotyping 
techniques, these resources provide powerful tools for genetic mapping studies.  Two 
mapping populations with publicly available germplasm and genotypic information are 
the rice diversity panel (http://ricediversity.org/) and the maize association panel 
(http://maizecoop.cropsci.uiuc.edu/).  To demonstrate how the high-throughput capacity 
of our phenotyping platform can be used to take advantage of these kinds of genomic 
resources during root system studies, we have phenotyped both mapping populations 
for basic root traits and performed genome-wide association (GWA) analysis on the rice 
root phenotypes. 
Based on genetic variability within the panels, 233 rice accessions and 273 
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maize lines were selected from the rice diversity panel and maize association panel, 
respectively.  In order to capture the root traits with a high degree of statistical 
confidence, ten or more biological replicates were analyzed for each line.  Whole root 
system images were captured one and four days after transplanting and primary and 
total root system lengths were measured using RootReader2D.   For each line, average 
primary and total root growth was determined over the three days.  As depicted in the 
frequency distribution plots in Figure 2.5, the primary and total root growth phenotypes 
for the rice (Fig. 2.5A,B) and maize (Fig. 2.5C,D) association panels are normally 
distributed.  The broad-sense heritability estimates (H2) for the measured phenotypes 
were 0.57 and 0.46 for rice primary and total root growth, and 0.72 and 0.65 for maize 
primary and total root growth. 
Genome-wide association mapping was then performed with the rice root 
phenotypes using the public genotypic dataset consisting of 36,901 high quality SNPs 
(Zhao et al., 2011).  Efficient mixed-model analysis (EMMA) was performed across all 
233 accessions from the diversity panel and also within the aus, indica, temperate 
japonica and tropical japonica rice subpopulations.  For each of the respective analyses 
(all 233 accessions, aus, indica, temperate japonica, tropical japonica), 2, 2, 0, 3, 1 
genomic region(s) were found to be correlated with primary root growth and 4, 2, 4, 0, 2 
regions were found to be correlated with total root growth (Fig. 2.6).  These regions 
were defined by having one or more SNPs with significance levels greater than 4 (-
log10(P) > 4) that grouped within linkage disequilibrium (LD) decay blocks, where LD 





Figure 2.5:  Frequency distribution plots of rice and maize root growth for the rice 
diversity and maize association panels grown over a 3 day period.  A,B) Plots of primary 
and total root system growth frequency distributions with fitted normal curves for the 233 
rice accessions.  C,D) Plots of primary and total root system growth frequency 











Figure 2.6:  GWA analysis of primary and total root growth across all 233 rice diversity 
accessions and within rice subpopulations.  The rice subpopulations are denoted as 
AUS (aus), IND (indica), TEJ (temperate japonica), and TRJ (tropical japonica).  The 
shaded bands indicate the positions of 72 bi-parental root length-related QTL from 
previous reports.  SNPs with significance levels greater than 4 (-log10(P) > 4) that were 






When further analyzing the results for the primary and total root growth, 4 regions for 
primary root growth and 4 regions for total root growth co-localized with previously 
identified rice root length-related QTL from bi-parental mapping studies curated by 
Gamene.org.  Although there were no significant SNPs detected for both traits 
simultaneously (Fig. 2.7), several SNPs from primary and total root growth fall within 
estimated LD regions of one another.  These results are the starting point for more 
detailed genetic analyses of root traits and provide further evidence that root system 
components (primary, lateral, embryonic and postembryonic crown roots) are controlled 
by independent genetic and developmental networks as discovered through mutant 
analysis studies reviewed by Hochholdinger et al (2004) and Rebouillat et al (2009).  It 
should also be noted that although phenotypic data was collected for root traits from the 
maize association panel, due to the low degree of linkage disequilibrium in maize, GWA 
analysis of maize root traits await significant increases in marker density that are 
currently being generated in the Buckler lab using genotyping by sequencing and 
imputation techniques. 
  
Example 2:  Assessing the aluminum tolerance and other root characteristics of 
the maize founder lines 
Evaluating root types as distinct classes has been shown to improve 
investigations into the aluminum (Al) tolerance of maize (Bushamuka and Zobel, 1998), 







Figure 2.7:  Scatterplot of significance levels from GWA analysis of rice primary root 
growth (PRG) and total root growth (TRG) for all 36,901 SNPs.  The rice subpopulations 
are denoted as IND (indica), AUS (aus), TEJ (temperate japonica) and TRJ (tropical 
japonica).  The horizontal and vertical lines on the plot at -log10(P) values of 4 indicate 
the significance threshold based on previous reports of GWA analysis in rice (Famoso 
et al. 2011 and Zhao et al. 2011).
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measurements from specific root types.  Using the current root phenotyping platform, 
we were able to use the RootReader2D software to non-destructively quantify growth of 
the different root types from whole root system images and thus evaluate the Al 
tolerance of the primary, seminal and lateral root types of the 25 founder lines of the 
maize nested association mapping (NAM) population (Yu et al., 2008).  Primary, 
seminal and lateral root types were identified using the criteria reviewed by 
Hochholdinger and Tuberosa (2009). 
The most common measure of plant Al tolerance is relative root growth (RRG) of 
the primary root, where primary root RRG is calculated by dividing the primary root 
growth of a set of seedlings under Al exposure by the primary root growth of a second 
set of the same seedlings grown under control (-Al) conditions (Piñeros et al., 2002).  
When evaluating the 26 lines for Al tolerance, it was found that they exhibited a range of 
Al tolerances (Table 2.1), with primary root RRG (PR-RRG) ranging from very Al 
sensitive lines with RRG values as low as 0.20 to very Al tolerant lines that displayed 
stimulated growth under the same Al exposure (RRG as high as 1.19) (Note: line 
M162W could not be phenotyped due to poor germination).  This range in PR-RRG 
captures the variation found in all individuals of the Goodman-Buckler maize association 
panel (unpublished data) and is similar to what is observed during Al tolerance 
screening studies of rice and other crop species (Famoso et al., 2010).  Note however 
that the free Al3+ activity in the nutrient solution is typically chosen to maximize the 
spread of the RRG frequency distribution for the selected species or germplasm. 
When assessing the relationships between primary root RRG (PR-RRG) and seminal 
root RRG (SR-RRG), lateral root RRG (LatR-RRG), and total root system RRG (TRS-
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RRG), the correlation coefficients (r2) were 0.482 for PR-RRG vs. SR-RRG,  0.318 for 
PR-RRG vs. LatR-RRG, and 0.415 for PR-RRG vs. TRS-RRG (Fig. 2.8).  Changes in Al 
tolerance rankings were also observed when comparing the different root type-based 
phenotypes (Table 2.1).  These results suggest that seminal and lateral root phenotypes 
contain tolerance information that cannot be captured solely by analyzing PR-RRG.  
Additionally, these genotypes showed variation for other seedling root system 
characteristics that were measured using RootReader2D, including primary, seminal 
and lateral root growth rates, and root counts (Fig. 2.9). 
As shown in Table 2.1 and Fig. 2.8, RRG of the various root types are partially 
correlated, however, the growth of different root types can have large impacts on crop 
performance under stress conditions (Waisel et al., 1996).  Further analysis of Al 
tolerance based on the quantification of growth of different root types may help provide 
additional insight into root-specific responses to Al and related tolerance mechanisms.  
One approach to analyze the RRG data for different root types is to analyze each of the 
RRG phenotypes separately.  However, the correlated information that is common to all 
of the RRG measures may hide some of the unique growth behaviors of the individual 
root types and possibly reduce the power to reveal Al tolerance components specific to 
the root types.  Another complementary approach that can be used to help capture the 
most correlated information for phenotypes based on root types and separate it from the 
non-correlated information is principle component analysis (PCA).  During PCA, the 
phenotypes are transformed so that the maximum variation in the combined phenotypes 







Figure 2.8:  Comparison of relative root growth (RRG) indices for the 25 maize founder 
lines.  Data points represent the mean RRG of the individual lines.  A) Primary root 
RRG (PR-RRG) as a function of seminal root RRG (SR-RRG), r2 = 0.482.  B) Primary 
root RRG as a function of lateral root RRG (LatR-RRG), r2 = 0.318.  C) Primary root 










Figure 2.9:  Bar graph depicting untreated (-Al) root characteristics of the 25 founder 
lines (excluding line M162W) and the recurrent parent (B73) of the maize nested 
association mapping (NAM) population measured using the RootReader2D software.  
Each bar is comprised of three different types of root growth data - average primary root 
growth, average total seminal root growth and average total lateral root growth between 
days 1 and 4.  The numbers in the seminal and lateral root sections of each bar 
represent the average number of seminal and lateral roots measured for each line on 















Table 2.1:  Relative root growth (root growth with Al / root growth without Al) and 
rankings as measures of Al tolerance for maize founder lines based on selected root 









Relative Root Growth (RRG) Based On 
 
Rankings Based On 
Primary Root (PR) Seminal Roots (SR) 
Lateral Roots 
(LatR) 
Total Root System 
(TRS) PR-RRG SR-RRG LatR-RRG TRS-RRG 
B73 0.55 0.50 0.15 0.21  15 9 23 20 
B97 0.32 0.34 0.21 0.23  21 18 15 17 
CML103 0.98 0.76 0.52 0.61  2 3 3 1 
CML228 0.36 0.19 0.25 0.25  19 22 14 15 
CML247 0.69 na 0.26 0.28  6 na 10 12 
CML277 0.47 0.41 0.27 0.31  16 15 9 9 
CML322 0.25 0.33 0.15 0.17  23 19 22 23 
CML333 0.40 0.46 0.18 0.21  17 14 19 21 
CML52 0.34 0.38 0.19 0.24  20 17 18 16 
CML69 0.56 0.47 0.19 0.27  14 11 17 14 
HP301 0.69 0.85 0.57 0.60  5 2 2 2 
IL14H 0.62 na 0.25 0.27  12 na 12 13 
KI11 0.66 0.54 0.26 0.31  8 6 11 10 
KI3 0.59 0.47 0.59 0.55  13 13 1 4 
KY21 0.67 0.67 0.28 0.36  7 4 8 8 
M37W 0.65 0.49 0.17 0.21  10 10 20 19 
MO18W 0.20 0.27 0.10 0.11  25 20 25 25 
MS71 0.65 0.52 0.36 0.43  9 7 6 7 
NC350 0.83 0.93 0.35 0.44  4 1 7 6 
NC358 1.19 0.51 0.41 0.46  1 8 5 5 
OH43 0.22 0.15 0.13 0.13  24 23 24 24 
OH7B 0.31 0.23 0.16 0.18  22 21 21 22 
P39 0.89 0.47 0.20 0.22  3 12 16 18 
TX303 0.38 0.39 0.25 0.28  18 16 13 11 
TZI8 0.65 0.65 0.52 0.55  11 5 4 3 
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When performing PCA on the three root type RRG phenotypes (PR-RRG, SR-RRG, 
and LatR-RRG), PC1 accounted for 76.2 percent of the variation in the RRG data 
indicating that a large amount of the RRG data is correlated and can be captured by 
PC1 (Fig. 2.10A).  The non-correlated information in the phenotypes can then be 
extracted during a second round of PCA where each of the root type-based phenotypes 
is separately analyzed with respect to the prior PC1 results (Fig. 2.10B,C,D).  The 
second principle component from each of the paired analyses is known as the contrast 
principle component and represents the non-correlated portion of the data that is unique 
to each of the root type phenotypes.  Thus the PCA technique can help separate 
correlated information common to all the RRG phenotypes from non-correlated  
information that is specific to each of the root types, however further application of this 
technique to larger datasets is needed to determine how effectively it can further extract 











Figure 2.10:  Biplots derived for principle components analysis (PCA).  The directional 
vectors (red) from the origins display the degree correlation between the RRG 
parameters and each principle component.  A) Biplots derived from PCA of the primary, 
seminal and lateral root relative root growth (PR-RRG, SR-RRG, and LatR-RRG, 
respectively).  B) Biplot derived from PCA of PC1 (above) and PR-RRG.  C) Biplot 
derived from PCA of PC1 (above) and SR-RRG.  D) Biplot derived from PCA of PC1 








MATERIALS AND METHODS 
Imaging system 
A Nikon D200 digital SLR camera with a Nikon 60mm macro lens (Nikon Inc., 
Melville, NY, USA) and circular polarizing filter (Heliopan, Germany) was mounted on a 
copy stand (Adorama, New York, NY, USA).  The camera was set to have manual 
capture settings of 1/30 second shutter speed, 7mm aperture, and a sensor sensitivity 
of 1000 ISO.  The optical axis of the camera was aligned to face a light box (Hall 
Productions, San Luis Obispo, CA, USA) that uniformly illuminated the root systems.  A 
clear acrylic specimen tray with linear polarizing film (Techspec®, Edmund Optics, 
Barrington, NJ, USA) and a non-tempered glass plate was placed on top of the light box 
and was filled with a 2 to 3 mm layer of nutrient solution (Fig. 2.3A) to allow the root 
systems to be efficiently spread out with reduced parallel overlaps of main and lateral 
roots.  Images of bright roots on a dark background were generated by placing the root 
systems between the two cross polarized filters to enhance the contrast of the root 
systems from the background and improve the image analysis properties (Fig. 2.11). 
Camera alignment and image plane calibration 
To assess the precision of the images that were captured and minimize potential 
measurement errors caused by varying root placement within the imaging plane, the 
digital camera was aligned and calibrated with a calibration grid (5 x 5 mm grid size).  
The grid was photographed and the average grid lengths from 3 x 3 grid regions at the 










Figure 2.11:  Depiction of high contrast imaging using polarized light.  A) Typical maize 
root system image using the cross polarized light design.  B) Diagram illustrating the 
cross polarized design used to generate high contrast root images.  During the cross 
polarized alignment, the polarized light that is intercepted by root objects is scattered 
and depolarized as it is transmitted through the root tissue.  The light that does not 
encounter any roots passes through the specimen tray unscattered and polarized.  As 
the light passes the second polarizer, the unscattered, polarized light is blocked, 
allowing only the scattered, unpolarized light coming from the roots to be recorded by 







 tool.  The gaze of the camera was systematically adjusted until the average corner grid 
lengths fell within ±1.0 pixels of one another.  Once the camera was aligned, the 
maximum difference in 5 mm grid lengths at any position of the image was automatically 
measured with RootReader2D and determined to be less than 4.0% or 0.2 mm.  The 
average of the central grid length was found to be approximately 0.44% larger than the 
average of the corner grid lengths thus confirming that image corrections due to radial 
lens distortions were not necessary. 
Image acquisition and analysis 
The camera was interfaced to a personal computer (Dell Inspiron 6000, 1.6GHz, 
2GB RAM) via a USB 2.0 port and digital images were captured, saved, and converted 
from a raw NEF format to a color TIF format using Nikon Camera Control Pro and 
Capture NX software.  Root system images were captured by laying and spreading the 
roots of individual seedlings into nutrient solution in a specimen tray and photographing 
the roots.  The images were captured with a focal plane pixel size of 87 ±1.8 x 87 ±1.8 
µm corresponding to a field-of-view of 33.7 x 22.5 cm. 
The color RGB images were batch processed using Adobe Photoshop (Adobe 
Systems Inc.) to crop and convert them to a grayscale format.  The images were then 
batch processed and analyzed using the RootReader2D software. 
Plant culture and growth experiments 
The 233 rice (Oryza sativa) accessions used in this study were selected from the 
McCouch rice diversity panel (Zhao et al., 2011) and were germinated and grown under 
control (-Al) environmental conditions as described by Famoso et al (2011).  The 273 
maize (Zea mays) genotypes used during the growth studies belong to the Goodman-
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Buckler maize association panel (Yu and Buckler, 2006) and the 26 genotypes selected 
for further root type studies are the parents of the maize nested association mapping 
(NAM) population (Yu et al., 2008).  For the maize experiments, the seeds were surface 
treated with a fungicide cocktail containing Captan400, Trilex and Allegiance and 
germinated in moist germination paper rolls (Anchor Paper, St. Paul, MN, USA) for 4-5 
days in the dark at 26ºC.  Upon germination, 24 seedlings from each genotype with 
primary root lengths between 6 and 9 cm and shoot lengths between 2 and 4 cm were 
selected and transplanted into hydroponic growth vessels consisting of translucent 
plastic growth tubs (Rubbermaid, Winchester, VA, USA) with dimensions of 40.0 x 27.5 
x 14.5 cm (L x W x H) that were wrapped with opaque plastic and filled with 9 liters of 
Magnavaca’s nutrient solution, pH 4.0 (Magnavaca et al., 1987).  The nutrient solution 
in each tub was covered with gray, closed-cell polyethylene foam strips (McMaster-Carr, 
Elmhurst, IL, USA) to prevented light penetration and support the seedlings during the 
experiment (Fig. 2.3B).  Plants were grown under controlled conditions for the duration 
of the experiment (26°C day/23°C night, 12/12 h photoperiod, 550 μmol m-2 sec-1 
photons).  
For both rice and maize, the seedlings were photographed and measured using 
the RootReader2D software on days 1 and 4 after transplanting.  For maize Al tolerance 
studies, following photography on day 1, Al treatment was initiated on half of the maize 
seedlings by replacing the control nutrient solution with an identical solution that 
contained either 0 or 178 μM AlK2SO4.  The total lateral root lengths were calculated by 




Four days after transplanting, the root systems of 188 maize seedlings were 
imaged and the primary roots were carefully measured by hand with a ruler.  These 
manual measurements were compared to the measurements generated by 
RootReader2D and to tracing methods (Hoekenga et al., 2006) using ImageJ software 
(Rasband, 1997-2012).  Polyline error criteria sensitivity studies were then performed on 
the primary root measurements and RootReader2D total root length measurements 
were compared to WinRHIZO total root length measurements.  These studies revealed 
that error criterion parameter is important factor in the calibration of RootReader2D to 
other quantification methods (Fig. 2.12 and 2.13).  The WinRHIZO software used is part 
of the WinRHIZO root analysis system (Regent Instruments Inc., Canada) which 
consists of both image acquisition hardware and root analysis software (Arsenault et al., 
1995).  During WinRHIZO analysis, the root images were imported into WinRHIZO and 
analyzed using a fixed threshold parameter of 40.  The root images and threshold level 
corresponded to the same images and threshold level used during the RootReader2D 
processing and analysis of the maize root systems. 
Genome-Wide Association Analysis 
Using a rice genotypic dataset consisting of 36,901 SNPs (Zhao et al., 2011), 
genome-wide association (GWA) analysis was performed across and within aus, indica, 
temperate japonica, and tropical japonica subpopulations using primary and total root 
growth phenotypic data from the 233 rice accessions of the rice diversity panel.  To 










Figure 2.12:  Comparison of maize root system lengths quantified with RootReader2D 
(RR2D) to root lengths determined by other standard methods (manual with ruler, 
ImageJ tracing, and automated with WinRHIZO) at varying RR2D error criterions. The 
optimal error criterion was found to be 6.0 pixels when the image resolution was 115 
pixels/cm. Data points (♦) represent means and error bars indicate the standard 
deviation, n=188.  A) Difference in average measured primary root lengths, ruler minus 
RR2D.  B) Difference in average measured primary root lengths, ImageJ traced minus 









Figure 2.13:  Optimal RootReader2D error criterion at varying image resolutions.  The 
shaded area represents the range of probable resolutions during crop root system 
imaging.  Data points (♦) were determined on sets of 94 maize images with primary 
roots of known length. 
 
 
accessions, a linear mixed model approach was used (Yu et al., 2006; Zhao et al., 
2007; Kang et al., 2008).  The model can be written in matrix form as: y = Xβ+Cγ+Zμ+e 
where β and X correspond to the SNP coefficient and SNP vectors, γ and C correspond 
to the subpopulation coefficient and subpopulation PC (principle component) vectors, μ 
corresponds to the random effects vector that accounts for population structures and 
relatedness, Z corresponds to the design matrices, and e is the random error term.  
SNPs having a minor allele frequency less than 5% (MAF<0.05) across and within 




Statistical calculations were performed using JMP Pro version 9.0 (SAS Institute) 
and R (2011). 
 
CONCLUSION 
A novel phenotyping platform to grow, capture, process and measure root 
systems using digital imaging has been presented.  This platform facilitates the high-
throughput phenotyping of root systems while also allowing the non-destructive 
measurement of unique and challenging root phenotypes.  The whole platform or parts 
of the imaging and analysis platform have been adapted and are generally applicable to 
a wide range of plant species, growth systems and root traits.  The integration of both 
batch processing functionality and user-guided features into the RootReader2D 
software enhances utility when measuring root system characteristics while also 
ensuring flexibility for further trait extraction and development. 
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A novel imaging and software platform was developed for the high-throughput 
phenotyping of 3-dimensional root traits during seedling development.  To demonstrate 
the platform’s capacity, plants of two rice (Oryza sativa) genotypes, Azucena and IR64, 
were grown in a transparent gellan gum system and imaged daily for 10 days.  
Rotational image sequences consisting of forty 2-dimensional images were captured 
using an optically corrected imaging system.  Three-dimensional root reconstructions 
were generated and analyzed using a custom designed software, RootReader3D.  
Using the automated and interactive capabilities of RootReader3D, 5 rice root types 
were classified and 27 phenotypic root traits were measured to characterize these two 
genotypes.  Where possible, measurements from the 3D platform were validated and 
were highly correlated with conventional 2-dimensional measurements.  When 
comparing gellan gum grown plants to those grown under hydroponic and sand culture, 
significant differences were detected in morphological root traits (p<0.05).  This highly 
flexible platform provides the capacity to measure root traits with a high degree of 
spatial and temporal resolution and will facilitate novel investigations into the 
development of the entire root systems, or selected components of the root systems.  In 
combination with the extensive genetic resources that are now available, this platform 
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will be a powerful resource to further explore the molecular and genetic determinants of 
root system architecture. 
 
INTRODUCTION 
Root system architecture (RSA) and development has received an increased 
amount of attention due to advances in phenotyping capabilities and growing insight into 
the genetic control of root growth (Liu et al., 2005; Tuberosa and Salvi, 2006; de 
Dorlodot et al., 2007; Armengaud et al., 2009).  Previous studies have shown that 
external factors can affect root morphology and architecture and that root systems have 
an innate ability to respond and adapt to their rooting environment (Malamy, 2005).  
Additionally, many reports indicate that certain root qualities in crop plants can help 
enhance productivity in resource-limited environments due to improved nutrient and 
water scavenging abilities (Liao et al., 2001; Zhu et al., 2005; Ribaut et al., 2009).  
Identifying, evaluating and selectively introducing both intrinsic and environmentally 
responsive root architectural characteristics into breeding programs may be a promising 
area for improving crop production on resource-limited agricultural systems (de Dorlodot 
et al., 2007). 
Elucidating the genetic and developmental basis of RSA presents many 
challenges that must be addressed through a combination of field, greenhouse, and 
laboratory-based approaches.  Field studies provide the “ground truth” about plant 
growth in a particular environment, but these types of root studies are hindered by 
intensive excavation processes that destructively sample root systems at a single point 
during development (Smit, 2000).  Furthermore, heterogeneity within and along the soil 
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profile (Lynch, 1995), combined with physical and chemical interactions between 
various components of the rhizosphere can drastically impact RSA, even under 
presumably controlled situations (Ward et al., 2008; Shaff et al., 2009).   
The overwhelming variety and complexity of field environments combined with 
the high responsiveness of root systems make it difficult to obtain precise information 
about the genetic components of RSA and developmental root traits under field 
conditions, and has subsequently led many researchers to pursue predictive practices 
(Hochholdinger and Tuberosa, 2009).  Predictive techniques provide insight about root 
systems by extrapolating root information from soil cores and root crowns of field grown 
plants (Trachsel et al., 2011) or from plants grown in controlled growth systems 
including hydroponic,  pouch, pot and plate systems.  In situ methods involving 
rhizotron, magnetic resonance, and computed tomography techniques have also been 
developed to facilitate non-destructive spatial and temporal investigations into root 
systems grown in soil (Taylor et al., 1990; Gregory et al., 2003; Tracy et al., 2010), 
however, the current scale, resolution, throughput, and cost-efficiency of these 
techniques limits their utility.  Additionally, simulation and modeling studies that 
integrate rhizosphere and growth data help form links between predictive techniques 
and field studies, allowing researchers to strategically predict, evaluate, and target 
beneficial root traits or genotypes for specific growth environments (Berntson, 1994; Ho 
et al., 2004; de Dorlodot et al., 2007). 
As a complementary tool to other predictive techniques, gellan gum growth 
systems with superior optical clarity have been introduced to facilitate non-invasive 2-
dimensional (2D) (Iyer-Pascuzzi et al., 2010) and 3-dimensional (3D) (Fang et al., 2009) 
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imaging and temporal studies of plant root systems while also allowing reproducible 
control of the rhizosphere .  These recent studies demonstrate the use of gellan gum 
systems and discuss their enormous potential for high-throughput root phenotyping and 
novel trait discovery when working with 2-dimensional image sets, however efforts to 
expand investigations into 3D structure remain constrained by low-throughput that 
requires over an hour to acquire a single root system, small scanning volumes, and 
limited quantification capabilities. 
In this paper we introduce a novel 3D imaging and software platform to 
investigate root system development and quantify RSA of plants grown in a gellan gum 
system (Fig. 3.1).  This highly versatile phenotyping platform greatly improves 
throughput and reduces root system capture times to less than 5 minutes, while also 
advancing our phenotyping capacity beyond 2D whole root system traits into a range of 
3D RSA and root type-specific traits.  
 
RESULTS 
RootReader3D reconstruction and analysis software 
To process and analyze the images captured with the 3D imaging system (Figure 
3.1A,C), custom software was written in the Java programming language (Sun 
Microsystems) that reconstructs 3D root system models from 2D image sequences and 
quantifies 3D root system traits.  This software, RootReader3D, utilizes a silhouette-
based back-projection algorithm (Mulayim et al., 2003; Zhu et al., 2006) combined with 
cross-sectional volume segmentation to generate 3D root models (Figure 3.2).  It adopts 
a template matching technique (Kalman and Attila, 1999), followed by a valence driven 
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spatial median filter to generate unit-width skeleton representations of the root models 
(Wang and Cheng, 2008).  Various viewing interfaces and mouse and keyboard 
commands were incorporated into the RootReader3D software to assist in visualizing 
and interacting with the 3D reconstructions and to facilitate both automated batch 
analysis of the entire root system and semi-automated modification, separation, 
selection, labeling and measurement of individual roots, root components and zones of 
interest within the root system (Figure 3.3).   
Measured root traits 
The 27 measured root traits calculated with the RootReader3D software can be 
separated into two categories: static and dynamic root traits.  Static root traits are root 
characteristics that can be measured at a single point in time, whereas dynamic root 
traits relate to growth and spatial-temporal changes in root characteristics (de Dorlodot 
et al., 2007).  Static and dynamic traits are not mutually exclusive, i.e. some dynamic 
traits that describe the growth and development of root systems can be derived from 
static traits, and both categories can be further sub-divided into global and local traits.  
Global traits are derived from the entire root system or large subsets of the whole 
system, whereas local traits are derived from individual roots, root classes, or 
topological zones of interest.  The ability to explore a suite of static/dynamic and 
global/local traits allows for detailed analysis of traditional RSA traits as well as for novel 
traits that account for developmental changes such as root emergence time and growth 
characteristics of individual roots and root classes.  A list of 3D traits that have been 
currently integrated into the RootReader3D software along with further descriptions, 











Figure 3.1:  3D Root Growth and Imaging System.  A) Schematic of the 3D imaging 
system used for capturing image sequences consisting of forty 2D images every 9 
degrees of rotation over a full 360° revolution.  (L-lightbox ; OCT-optical correction tank; 
IT-internal turntable; ET-external  turntable; MI-magnetic interface; GC-growth cylinder; 
C-camera; CC-computer controlling turntable and camera)  B) Growth cylinder 
containing gellan gum and a 10 day old Azucena rice seedling.  C) Representative 

















Figure 3.2:  Depiction of silhouette-based back-projection and cross-sectional volume 








Figure 3.3:  RootReader3D screenshot.  RootReader3D software generates high 
resolution 3D root system reconstructions from forty 2D images of root systems for 
plants grown in the gellan gum growth system and also provides the tools to perform 
both automated and semi-automated trait analysis.  The screenshot shows the 
RootReader3D toolbar (top), the root model volume window (left) and the reconstruction 
volume window (right) used for visualizing and interacting with the generated 3D root 
system models.  The shaded slice through the 3D root model (left) corresponds to the 
horizontal cross-section through the root system shown in the reconstruction volume 
window on the right.  
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Table 3.1: Table containing a list of root traits that can currently be measured using the 
RootReader3D software. 
Trait Root Types Processing Units Description 
Length (L) 
trs, zoi, pr, 
ecr, pecr, llr, 
pr+, cr+ 
a, sa cm Length along the skeleton of the whole root system, root system component, or root using a polyline length estimation technique. 
Max Width 
(MaxW) trs, pr+, cr+ a, sa cm 
Maximum horizontal width of the whole roots system or root system 
component measured every 0.2 degrees of rotation. 
Min Width (MinW) trs, pr+, cr+ a, sa cm Minimum horizontal width of the whole roots system or root system component measured every 0.2 degrees of rotation. 
Max Depth 
(MaxD) trs, pr+, cr+ a, sa cm 
Maximum vertical depth of the whole root systems or root system 
component measured in relation to upper most slice containing a 
root system voxel. 
MinW/MaxW Ratio trs, pr+, cr+ a, sa cm/cm Ratio of minimum width to maximum width. 
MaxW/MaxD Ratio trs, pr+, cr+ a, sa cm/cm Ratio of maximum width to maximum depth. 
Centroid trs, pr+, cr+ a, sa cm Vertical position of the center of mass of the whole root system or root system component. 
Exploitation 
Volume 
trs, zoi, pr+, 
cr+ a, sa cm
3 
Volume surrounding the root system or root system component at 
specified radius minus the root system or root components volume.  
Adapted from Berntson, 1994. 
Exploitation Index trs, zoi, pr+, cr+ a, sa cm
3/cm Ratio of the exploitation volume to the root system to root system length.  Adapted from Berntson, 1994. 
Median Number of 
Roots (MedR) 
trs, zoi, pr+, 
cr+ a, sa # 
Median number of roots from root counts taken from all horizontal 
cross-sectional slice through the entire root system or root system 
component.  Adapted from Iyer-Pascuzzi, et al, 2010. 
Maximum Number 
of Roots (MaxR) 
trs, zoi, pr+, 
cr+ a, sa # 
Number of roots at the 84th percentile of a sorted list (smallest to 
largest) of root counts from all horizontal cross-sections through 
the entire root system or root system component.  Adapted from 
Iyer-Pascuzzi, et al, 2010. 
MaxR/MedR Ratio 
(Bushiness) 
trs, zoi, pr+, 
cr+ a, sa #/# 
Ratio maximum number of roots to median number of roots.  
Adapted from Iyer-Pascuzzi, et al, 2010. 
Surface Area (SA) trs, zoi, pr+, cr+ a, sa cm
2 Summed surface area of the whole root system or root system component voxels that are 6-connected with a background voxel. 
SA/V Ratio trs, zoi, pr+, cr+ a, sa cm
2/cm3 Ratio of surface area to volume. 
SA/L Ratio trs, zoi, pr+, cr+ a, sa cm
2/cm Ratio of surface area to length. 
Volume 
Distribution trs a cm
3/cm3 
Ratio of the volume of root system contained above one third depth 
of the root system to the volume of root system contained below 
one third depth of the root system. 
Total root system (trs), Zone of interest (zoi), Primary root (pr), Embryonic crown roots (ecr), Postembryonic crown roots (pecr), 
Large lateral roots (llr), Primary root plus connected lateral roots (pr+), Crown roots plus connected lateral roots (cr+), Automated 
(a), Semi-automated (sa)  
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Table 3.1 (continued) 
Trait Root Types Processing Units Description 
Convex Hull 
Volume (CHV) trs a cm
3 
Volume of the convex hull that encompasses the whole 
root system.  The convex hull is found by summing the 
convex hulls of all horizontal cross-sectional slices through 
the root system, where the convex hull is the smallest 
convex set of voxels that contains all other root voxels in 
the slice.  Adapted from Iyer-Pascuzzi, et al, 2010. 
V/CHV (Solidity) trs a cm3/cm3 Ratio of volume to convex hull volume.  Adapted from Iyer-Pascuzzi, et al, 2010. 
Emergence Time pr, ecr, pecr, llr sa days Average root emergence time for a given root type in relation to the planting date. 
Initiation Angle pr, ecr, pecr, llr sa degrees 
Average horizontal root initiation angle for a given root 
type.  Measured in relation to gellan gum surface or 
horizontal. 
Gravitropic 
Response pr, ecr, pecr, llr sa degrees/cm 
Difference in the horizontal root angle divided by the length 
of the root or root section. 
Circumnutation pr, ecr, pecr, llr sa degrees/cm Difference in the root turn angle divided by the length of the root or root section. 
Narrowness Index trs, pr+, cr+ a, sa cm/cm 
Average ratio of minimum width to maximum width for 
each horizontal cross-sectional slice through the whole 
root system.  Slices that only contain the primary root and 
its connected laterals are excluded. 
Volume (V) trs, zoi, pr+, cr+ a, sa cm3 Volume of the whole root system or root system component. 
Count pr, ecr, pecr, llr sa # Number of roots of a particular type. 
Tip Count trs a # 
Number of root tips in the whole root system.  Measured 
from root system skeleton and is the number of skeleton 
voxels that have only one 26-connected neighbor voxel. 
L/V (Specific Root 
Length, SRL) trs, zoi, pr+, cr+ a, sa cm/cm
3 
Ratio of length to volume of the whole root system or root 
system component.  Adapted from Eissenstat, 1991 and 
Iyer-Pascuzzi, et al, 2010. 
Total root system (trs), Zone of interest (zoi), Primary root (pr), Embryonic crown roots (ecr), Postembryonic crown roots (pecr), 
Large lateral roots (llr), Primary root plus connected lateral roots (pr+), Crown roots plus connected lateral roots (cr+), Automated 
(a), Semi-automated (sa)  
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Root type classification  
Taking advantage the phenotyping platform’s ability to capture and measure both 
dynamic and local traits, five specific rice root types can be identified and separated 
from whole root system reconstructions based on emergence time and visual 
characteristics, as described in Rebouillat et al., 2009 (Figure 3.4A).  These five root 
types include the primary root, which develops from the radicle, the embryonic crown 
roots, the postembryonic crown roots, the large, indeterminate lateral roots, and the 
small, determinant lateral roots (Hochholdinger and Tuberosa, 2009).  Utilizing the 
growth rates derived from the daily selection, labeling and measurement of individual 
crown root lengths, root emergence time was predicted and the crown roots were 
separated into embryonic and postembryonic crown roots classes, where embryonic 
and postembryonic crown roots emerged 2 and 6 days after the primary root, 
respectively (Figure 3.4B).  The primary root and large lateral roots were identified using 
visual features such as root length and branching patterns.  Once the root types of the 
entire root systems were classified, root type specific traits were measured including 
counts (number of roots), lengths, growth rates, circumnutation, initiation angle, and 
gravitropic response (Table 3.2).   Additionally, to complement root type classification, 
the structurally complex and overlapping 10 day root systems can also be 
algorithmically separated, enabling clearer visualization and the finer analysis of global 
root system qualities.  The crown roots can be digitally separated from the entire root 









Figure 3.4:  Rice root types.  A) Depiction of the five root types which are the primary 
(pr), embryonic crown (ecr), postembryonic crown (pecr), large lateral (llr), and small 
lateral (slr) roots.  As labeled on the 3D root model above, the primary, crown and large 
and small lateral roots can be visually distinguished from one another.  Temporal 
imaging is performed to further separate the crown roots into embryonic and 
postembryonic crown root types based on emergence time.  Roots that emerged from 
the crown between 1 and 5 days after planting were classified as embryonic crown 
roots, whereas roots that emerged later than 5 days after planting were classified as 
post-embryonic crown roots.  B) Average root emergence time of primary and crown 
roots.  Roots were individually selected and measured daily to determine emergence 
times based on average growth rates.  Error bars represent standard errors for all roots 
















Table 3.2: Table summarizing all of the calculated RSA traits for Azucena and IR64 




   Azucena IR64 
Trait Units Root Type D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 
Length (L) cm 
trs 4.3 11.5 44.0 87.3 119.4 146.9 184.3 234.8 296.2 361.5 3.1 11.4 54.6 101.8 129.7 162.1 214.2 271.5 316.1 386.7 
pr 3.5 6.4 9.8 13.0 16.1 18.6 20.8 na na na 2.8 5.4 8.0 9.8 11.6 13.6 14.5 15.9 17.0 18.1 
ecr  1.0 5.0 12.1 17.6 24.7 31.5 40.4 49.9 60.8   5.0 11.3 18.8 24.5 34.1 45.5 57.9 72.7 
pecr      2.0 4.1 6.4 9.6 15.5      2.8 6.1 12.1 20.0 30.5 
lr 0.8 4.0 29.2 62.1 85.8 101.7 128.0 166.8 215.5 264.2 0.3 6.0 41.7 80.6 99.3 121.2 159.6 198.0 221.1 265.4 
pr+ nm nm nm nm nm nm nm nm nm 178.89 nm nm nm nm nm nm nm nm nm 212.64 
cr+ nm nm nm nm nm nm nm nm nm 202.34 nm nm nm nm nm nm nm nm nm 196.31 
Max Width (MaxW) cm trs 1.1 1.8 3.1 4.5 5.5 6.3 6.6 6.8 6.9 7.2 0.8 1.3 2.6 3.8 4.6 5.2 5.6 5.8 6.0 6.3 
Min Width (MinW) cm trs 0.5 0.9 1.8 2.6 3.1 3.4 3.7 3.9 4.2 4.6 0.4 0.9 2.0 2.8 3.2 3.6 3.9 4.2 4.5 4.8 
Max Depth (MaxD) cm trs 3.6 6.5 9.2 12.0 14.5 16.8 18.3 na na na 2.9 5.5 7.5 9.2 10.6 11.9 13.1 14.1 14.9 15.6 
MinW/MaxW Ratio cm/cm trs 0.453 0.518 0.584 0.582 0.571 0.551 0.552 0.567 0.611 0.643 0.493 0.695 0.777 0.743 0.691 0.689 0.706 0.733 0.761 0.762 
MaxW/MaxD Ratio cm/cm trs 0.302 0.272 0.341 0.378 0.377 0.372 0.363 na na na 0.291 0.229 0.345 0.410 0.430 0.436 0.425 0.409 0.400 0.401 
Centroid cm trs 1.5 2.1 2.4 3.1 4.1 5.0 5.6 6.3 6.9 7.1 1.2 1.7 1.8 2.2 2.8 3.4 3.6 4.0 4.2 4.4 
Exploitation Volume cm3 trs 1.51 2.99 7.97 15.19 21.02 26.48 32.12 39.26 47.01 54.66 1.14 2.57 7.82 15.06 20.11 25.73 32.91 40.32 47.11 55.48 
Exploitation Index cm3/cm trs 0.35 0.26 0.18 0.17 0.18 0.18 0.17 0.17 0.16 0.15 0.37 0.23 0.14 0.15 0.16 0.16 0.15 0.15 0.15 0.14 
Median Number of 
Roots (MedR) # trs 1.00 1.00 1.00 1.00 2.14 2.86 3.43 4.71 5.86 7.43 1.00 1.00 1.00 1.71 3.14 3.43 4,29 4.86 5.29 6.29 
Maximum Number of 
Roots (MaxR) # trs 1.00 1.57 7.71 11.57 11.86 7.57 8.43 9.43 10.71 12.14 1.00 1.43 9.57 14.57 16.43 12.29 14.71 18.14 20.29 24.00 
MaxR/MedR Ratio (aka 
Bushiness) #/# trs 1.00 1.57 7.71 11.57 6.17 2.74 2.48 2.01 1.85 1.66 1.00 1.49 9.57 9.86 5.78 3.83 3.53 3.87 3.92 3.85 
Surface Area (SA) cm2 
trs 1.81 5.13 19.84 37.64 53.72 76.10 96.61 126.03 159.95 194.16 1.01 4.73 22.55 39.51 53.61 77.76 104.19 131.71 155.61 190.10 
pr+ nm nm nm nm nm nm nm nm nm 103.30 nm nm nm nm nm nm nm nm nm 96.20 
cr+ nm nm nm nm nm nm nm nm nm 89.91 nm nm nm nm nm nm nm nm nm 90.00 
SA/V Ratio cm2/cm3 
trs 28.55 39.82 64.82 74.78 78.06 64.66 67.00 70.74 73.03 74.46 22.60 43.12 78.37 85.13 86.43 69.73 71.84 73.27 72.97 74.11 
pr+ nm nm nm nm nm nm nm nm nm 69.50 nm nm nm nm nm nm nm nm nm 79.28 
cr+ nm nm nm nm nm nm nm nm nm 78.97 nm nm nm nm nm nm nm nm nm 69.56 
SA/L Ratio cm2/cm 
trs 0.42 0.43 0.45 0.43 0.45 0.52 0.52 0.54 0.54 0.54 0.31 0.40 0.41 0.39 0.41 0.48 0.49 0.49 0.49 0.49 
pr+ nm nm nm nm nm nm nm nm nm 0.51 nm nm nm nm nm nm nm nm nm 0.47 
cr+ nm nm nm nm nm nm nm nm nm 0.51 nm nm nm nm nm nm nm nm nm 0.48 
Total root system (trs); Primary root (pr); Embryonic crown roots (ecr); Postembryonic crown roots (pecr); Lateral roots (lr); Large lateral roots (llr); Primary root plus connected lateral roots (pr+); crown roots plus connected lateral roots (cr+); Not applicable because the primary root had 




Table 3.2 (continued) 
   Azucena IR64 
Trait Units Root Type D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 
Third/Two-Third 
Volume Distribution cm3/cm3 trs 2.01 2.55 4.56 3.50 2.62 2.21 1.98 1.54 1.19 1.04 2.16 2.82 5.27 3.64 3.01 2.82 2.73 2.75 2.69 2.59 
Convex Hull Volume 
(CHV) cm3 trs 0.08 0.24 2.04 6.93 13.14 23.26 36.82 55.60 76.12 99.59 0.06 0.22 2.14 7.39 12.82 22.31 35.29 49.40 63.20 81.35 
V/CHV (aka Solidity) cm3/cm3 trs 0.766 0.551 0.159 0.076 0.055 0.056 0.045 0.038 0.033 0.030 0.795 0.532 0.138 0.066 0.050 0.052 0.042 0.037 0.034 0.032 
Emergence Time days 
ecr          2.07          1.38 
pecr          6.35          5.79 
Initiation Angle degrees 
ecr          54.3          52.6 
pecr          63.1          62.3 





ecr          4.2          7.8 
pecr          3.3          3.1 
llr          10.1          19.5 
Circumnutation Rate degrees/ cm 
pr          33.5          33.6 
ecr          26.7          26.6 
pecr          13.4          11.7 
llr          42.6          35.8 
Narrowness Index cm/cm trs nm nm nm nm nm nm nm nm nm 0.437 nm nm nm nm nm nm nm nm nm 0.584 
Volume (V) cm3 
trs 0.06 0.13 0.30 0.50 0.69 1.18 1.44 1.78 2.19 2.60 0.04 0.11 0.29 0.46 0.62 1.12 1.45 1.80 2.14 2.56 
pr+ nm nm nm nm nm nm nm nm nm 1.17 nm nm nm nm nm nm nm nm nm 1.32 
cr+ nm nm nm nm nm nm nm nm nm 1.60 nm nm nm nm nm nm nm nm nm 1.36 
Count # 
pr 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 
ecr 0.00 1.29 2.43 3.00 3.00 3.00 3.00 3.00 3.00 3.00 0.00 0.00 2.57 4.43 5.29 5.29 5.29 5.29 5.29 5.29 
pecr 0.00 0.00 0.00 0.00 0.00 0.43 0.43 0.86 1.29 1.86 0.00 0.00 0.00 0.00 0.00 0.57 1.71 3.14 4.00 4.71 
Tip Count # trs 4.9 24.3 123.1 245.0 351.1 388.7 541.1 792.4 994.4 1231.4 3.9 26.7 162.1 306.9 373.1 468.1 692.6 951.0 1153.3 1500.4 
L/V (aka Specific Root 
Length, SRL) cm/cm3 
trs          138.82          150.87 
pr+          153.49          160.65 
cr+          126.26          144.36 
Total root system (trs); Primary root (pr); Embryonic crown roots (ecr); Postembryonic crown roots (pecr); Lateral roots (lr); Large lateral roots (llr); Primary root plus connected lateral roots (pr+); crown roots plus connected lateral roots (cr+); Not applicable because the primary root had 
reached and was growing along the bottom of the growth cylinder (na); Not measured (nm); Day (D)
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Imaging time course  
To further investigate a variety of static/dynamic and global/local RSA traits, 
Azucena and IR64 plants were grown and imaged daily for 10 days (Figure 3.5).  The 
phenotyping platform enables us to precisely quantify and monitor a number of root 
growth and RSA traits in both genotypes daily over the 10 day period.  As depicted in 
Figure 3.6 A and B, it is clear that there are significant differences in RSA when 
objectively viewing the 3D reconstructions of the Azucena and IR64 root systems.  
However, these differences were not detected when the average length of the different 
root types (primary root, lateral roots, embryonic crown roots, postembryonic crown 
roots) was quantified in individual Azucena and IR64 seedlings over the 10 day period 
(Figure 3.6C,D).  When traits that describe different aspects of the total root system 
architecture were determined, the differences in RSA between Azucena and IR64 could 
be quantified.  Three RSA traits that were significantly different between the two rice 
genotypes are centroid, volume distribution, and bushiness.  Centroid is the vertical 
position of the center of mass for the entire root system in relation to the seed (see 
Table I).  From the upper panel of Figure 3.6D, Azucena has a significantly larger value 
for its center of mass as early as day 3, indicating that the Azucena root system tends to 
grow deeper in the gellan gum profile and has less root volume and branching near the 
top of the root system.  Volume distribution is the ratio of the volume occupied by the 
upper 1/3 of the root system divided by the volume occupied by the bottom 2/3 of the 
root system.  From the middle panel of Figure 3.6D, IR64 has a considerably larger 
volume distribution over the last 4 days of the growth experiment, again indicating that 












Figure 3.5:  3D root system models generated from daily imaging of root systems over 
a ten day period using the RootReader3D software (Day 1 (D1) to Day 10 (D10)).  The 
skeleton of the root systems are shown in red and the primary and crown roots are 
shown in yellow.  The primary and crown roots were selected and labeled, allowing for 












Figure 3.6:  Quantitative description of Azucena and IR64 root system differences.  A) 
Day 10 Azucena 3D root system reconstruction.  B) Day 10 IR64 3D root system 
reconstruction.  C) Average root length for different root types for Azucena (blue) and 
IR64 (red) plants, day 1 (D1) to day 10 (D10), n=7.  D) A subset of quantified root 
system architecture traits, including vertical centroid position, volume distribution and 
bushiness, that quantitatively describe the differences between Azucena and IR64 root 
system architecture.  Each data point represents a single measurement made on an 
individual Azucena (blue diamond) or IR64 (red triangle) plant on a given day.  Asterisks 
indicate where significant differences were detected between Azucena and IR64 
genotypes using a t-test (p<0.05).  Volume distribution and bushiness traits were 






Finally, bushiness, which was first described in Iyer-Pascuzzi et al., 2010, is the ratio of 
the maximum number roots (MaxR) divided by median number of roots (MedR) and can 
be considered a measure of the global branching complexity of the root system.  As 
seen in the bottom panel of Figure 3.6D, IR64 has higher bushiness values over days 7 
through 10 of the growth experiment, indicating that IR64 has a more highly branched 
and complex root system.  For a complete summary of the analyzed root traits, see 
Table 3.2. 
Validation of 3D measurements 
To validate the root system measurements made by the phenotyping platform, a 
set of root system traits measured from the reconstructed 3D root models were 
compared to 2D measurements made on the same root systems using the methods 
described in Famoso et al., 2010.  These traits included primary root length (PRL), total 
root system length (TRL), and maximum root system width (maxW), which were 
selected to examine the geometric accuracy and consistency of the 3D root 
reconstruction and measurements made with the RootReader3D software.  All traits 
were found to be significantly correlated (p<0.05) between the 3D and 2D measurement 
methods (Figure 3.7), with linear fit estimates of R2=0.55, slope (m) =1.10 for PRL, 
R2=0.91, m=1.54 for TRSL, and R2=0.99, m=1.05 for maxW. 
Comparison of RSA traits for plants grown in gellan gum systems vs. hydroponic 
and sand growth systems 
To evaluate if the gellan gum system had specific impacts on rice root 
characteristics, 2D root traits were compared between the root systems of plants grown 













Figure 3.7:  3D Measurements versus 2D Measurements.  A) Comparison of total root 
system length (TRL) measurements - 3D TRL vs. 2D TRL.  B) Comparison of primary 
root length (PRL) measurements - 3D PRL vs. 2D PRL.  C) Comparison of maximum 






systems under aerated and non-aerated conditions with identical nutrient, lighting and 
temperature regimes (see Table 3.3).  The set of root traits compared between the three 
growth systems included primary root length (PRL), total root system length (TRL), 
crown root number (CRN), lateral root number (LRN), average crown root length 
(ACRL), and average lateral root length (ALRL). 
Some differences were observed between root growth in gellan gum compared 
to roots grown in hydroponics and sand, and there were also some genotypic-based 
differences in the root responses.  In general, growth of the entire root system and 
some root types were less in gellan gum compared with the other two growth media, 
possibly due to slightly less oxygen availability, especially for roots growing deeper in 
the gellan media.  Surprisingly, the biggest differences were seen between plants grown 
in the non-aerated sand and of the other growth systems.  The greatest root growth was 
seen in the non-aerated sand system compared with plants grown on gellan gum, 
hydroponics (aerated and non-aerated) and aerated sand.  For example, for Azucena 
seedlings, total root length (TRL) for plants grown on non-aerated sand was 42% 
greater than in plants grown in gellan gum, and TRL was 48%, 31% and 25% greater 
than in plants grown in aerated hydroponics, aerated sand, and non-aerated 
hydroponics, respectively.  In general, root system characteristics for rice seedlings 
grown in gellan gum were relatively similar to the same root traits for plants grown in 
hydroponics and aerated sand culture, and the root systems of plants grown on all of 





Exploring the development of whole root systems by root types  
While developing the platform to expand the throughput and phenotyping 
capability of 3D RSA traits analysis, it was found that many additional aspects of root 
systems could also be explored.  One novel feature of the platform is the ability to 
identify and classify five different rice root types from whole root system reconstructions. 
As with other monocot species, the rice root system is largely composed of a 
fibrous network of embryonic and postembryonic roots.  In monocots, the rapid 
elongation and lateral root establishment of the primary and embryonic crown roots is 
critical for early seedling vigor, whereas postembryonic crown roots become 
increasingly important during further plant growth (Hochholdinger and Tuberosa, 2009).  
Additionally, through mutant analysis studies in rice, it has been found that these root 
types are controlled by distinct genetic and developmental networks (Hochholdinger et 
al., 2004; Rebouillat et al., 2009).  The ability of this root imaging and analysis platform 
to separate and track the growth features of these five root types individually can help 
detect and further characterize the genetic and developmental changes that occur as 
the root system develops and the plant matures. 
Using 3D information to further investigate root traits 
Building upon root type classification, the 3D information provided by the root 
reconstructions can also be used to investigate traits that have only been studied using 
2D analysis systems.  Two traits that can be enhanced by utilizing root type and 3D 
information are root circumnutation and gravitropism.  Root circumnutation describes 
the tendency of roots to grow downward through their growth medium along a helical 
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axis, and has been mainly studied by analyzing the skewing and periodic waving 
patterns of the primary roots of Arabidopsis (A. thaliana) plants grown on 2D agar plate 
systems.  While the causes of the observed skewing and waving patterns remains 
under debate, at the present they have mainly been attributed to three intrinsic growth 
responses: circumnutation, gravitropism and negative thigmotropism (Migliaccio and 
Piconese, 2001; Oliva and Dunand, 2007), and are suggested to be linked with the 
recent discovery of oscillating gene expression cycles that also impact the periodic 
establishment of lateral root prebranching sites along the primary root of Arabidopsis 
(Moreno-Risueno et al., 2010).   
Using the 3D visualization and quantification capabilities of the phenotyping 
platform, comprehensive investigations into root circumnutation can be extended into 
rice, a model monocot crop species.  Circumnutation was measured on day 10 root 
system models with RootReader3D (Figure 3.8A), where positive values represent a 
right-handed rotation and negative values a left-handed rotation.  Circumnutation is 
measured as the change in tangential angle along the root divided by the length of the 
measured root section, (ρfin - ρinit)/L, where ρinit is 0° and ρfin may be greater than 360°.  
Though more detailed studies are needed, root circumnutation is present in rice, but it 
does not vary between Azucena and IR64 genotypes, however, it appears to vary 
significantly (p<0.05) between different root types (Figure 3.8B).   
Additionally, the gravitropic response of roots to grow along the gravity vector 
can also be measured on the different root types.  Root gravitropism describes the 











Figure 3.8:  Root circumnutation.  A) Top view of a 10 day Azucena root system 
reconstruction showing tangential angles, ρinit and ρfin, and root segment length, L, used 
for measuring circumnutation.  Yellow lines are the selected primary and crown roots.  
B) Average circumnutation rates for different root types for Azucena and IR64 
genotypes.  Root types are abbreviated as pr (primary root), ecr (embryonic crown 
roots), pecr (postembryonic crown roots) and llr (large lateral roots).  Error bars 






gravity.  In the context of RSA, the initiation angles combined with the gravitropic 
responses of individual roots can impact the spatial distribution of the entire root system 
and can ultimately influence the capability of a plant to access and acquire water and 
nutrient resources. 
Both root initiation angle, θinit, and gravitropic response were measured on day 
10 root system models, where the initiation angles were measured 5mm from the basal 
end of the roots in relation to horizontal (or the gellan gum surface) and the gravitropic 
response was measured as the change in the tangential angle along the root divided by 
the length the measured root section, (θfin - θinit)/L.  θfin and L were measured from the 
root tip or where the tangential angle to the root reached 75° (Figure 3.9A).  When 
investigating the initiation angles of the embryonic crown, postembryonic crown and 
large lateral roots, it was found that root initiation angle did not vary between genotypes, 
however, it varied between root types.  Additionally, the gravitropic responses of the 
embryonic crown and large lateral roots were found to be significantly higher for IR64 
(p<0.05) (Figure 3.9B). 
Environmental considerations on rice root traits 
Domesticated Asian rice has a complex cultivation history and is raised under a 
variety of field practices and conditions, ranging from highly managed paddies to 
unmanaged fields (Sweeney and McCouch, 2007).  The two rice varieties used in this 
study, Azucena and IR64, were selected to represent varieties adapted to different 
cultivation systems.  Azucena, an upland, tropical japonica, has been adapted for 
growth under non-irrigated field conditions, whereas IR64, a lowland indica, has been 





Figure 3.9:  Root gravitropism.  A) Depiction of a rice seedling with tangential angles, 
θinit and θfin, and root segment length, L, used for measuring gravitropic traits.  B) 
Average root initiation angle, θinit, separated by root type.  Root types are abbreviated 
as pr (primary root), ecr (embryonic crown roots), pecr (postembryonic crown roots) and 
llr (large lateral roots).  C) Gravitropic responses for different root types.  Error bars 
represent standard errors for all roots of a particular genotype and type.  Asterisks 
indicate where significant differences were detected between Azucena and IR64 
genotypes using a t-test (p<0.05).  
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Azucena compared to IR64, when grown in the gellan gum system (Figures 3.5 and 
3.6), is consistent with observations made from soil studies (Yadav et al., 1997).  
However, as expected of varieties selected under varying cultivation practices, when 
either of these genotypes is subjected to different growth environments, in this case 
gellan gum versus aerated or non-aerated hydroponic and sand systems, changes in 
root traits can be dramatic and varied (Table 3.3).  This variability demonstrates the 
complexity of rice root systems and reinforces the idea that adaptive responses to 
environmental change can be genotype specific (Nicotra et al., 2010).  Additionally, it 
also suggests that within a plant species there remains a certain level of plasticity in root 
traits that could possibly be used to further improve plant performance on diverse 
agricultural systems. 
 
MATERIALS AND METHODS 
Plant material and growth conditions 
Rice (Oryza sativa) genotypes Azucena (upland, tropical japonica) and IR64 
(lowland, indica) were used in this study.  The hulls of the seeds were removed and the 
seeds were surface sterilized by soaking them in a solution of 70% ethanol for 1 minute 
followed by a solution of 3% sodium hypochlorite for 30 minutes.  The sodium 
hypoclorite was removed by washing the seeds with sterile 18MΩ H2O for a minimum of 
5 rinses.  Seeds were germinated in the dark at 30°C in vertically oriented, sterile petri 
plates with moist filter paper covering the seeds for gellan gum studies, or in moist 




Table 3.3: Table showing a comparison of root traits for plants grown in gellan gum, 
sand and hydroponics growth systems 
 
Growth System Condition Genotype PRL TRL CRN LRN ACRL ALRL 
Gellan Gum  ---- Azucena 22.7 289.3 10.6 766.6 8.5 0.26 
Hydroponics Aerated Azucena 23.5 277.2 8.5b 797.7 8.7 0.25 
Sand Aerated Azucena 20.5 313.4 10.1 365.6b 6.4b 0.62a 
Hydroponics Non-aerated Azucena 22 329.7 9.9 832.6 8.1 0.3 
Sand Non-aerated Azucena 18.9b 410.6a 12.7 481.3b 7.1b 0.64a 
Gellan Gum  ---- IR64 15.6 289.6 15.3 743.7 6.1 0.26 
Hydroponics Aerated IR64 17.3 394.7a 18.8a 1010.6a 5.9 0.28 
Sand Aerated IR64 18.6a 259.3 15.1 367.8b 4.8b 0.46a 
Hydroponics Non-aerated IR64 9.4b 331.4 19.2a 805.7 4.6b 0.29 
Sand Non-aerated IR64 20.7a 512.8a 18.2 541.4b 5.7 0.71a 
Primary root length (PRL), in cm; Total root length (TRL), in cm; Crown root number (CRN); Lateral root 
number (LRN); Average crown root length (ACRL), in cm; Average lateral root length (ALRL), in cm 
aSignificant increase from gellan gum using a t-test, p<0.05 
bSignificant decrease from gellan gum using a t-test, p<0.05 
 
 
For gellan gum growth studies, when the emerging radicle had reached 
approximately 1 cm in length, the sterile seedlings were transplanted into glass growth 
cylinders (90mm ID, MicroGlassTM) that contained 1.3L of modified Magnavaca’s growth 
media (Famoso et al., 2010) at a pH of 5.5 that has been solidified with gellan gum 
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(Sigma-Aldrich PhytagelTM, St. Louis, MO).  The gellan gum growth media was prepared 
by dissolving and autoclaving 1.95 grams of Phytagel powder in 0.65L of 18MΩ H2O.  
The sterile gellan gum solution was then combined with 0.65L of 2X modified 
Magnavaca’s solution that had been adjusted to pH 6.0 and filter sterilized.  The 2X 
modified Magnavaca’s solution contained the following: 2.6 mM CaCl2, 2.0 mM KCl, 3.0 
mM NH4NO3, 0.4 mM MgSO4, 1.0 mM Mg(NO3)2, 0.91 mM MgCl2, 200 µM KH2PO4, 154 
µM Fe-HEDTA, 18.2 µM MnCl2, 50.8 µM H3BO3, 4.7 µM ZnSO4, 1.2 µM CuSO4, 1.7 µM 
Na2MoO4.   
For hydroponic and sand culture studies, when the radicle had grown to 1-2 cm 
in length, the seedlings were transplanted into either aerated or non-aerated hydroponic 
or sand growth systems containing full strength modified Magnavaca’s solution, pH 5.5.  
For hydroponics studies, the seedlings were planted into hydroponic growth systems as 
described in Famosa et al (2010).  The aerated and non-aerated solutions were either 
continuously bubbled with filtered air or left stagnant.  For sand culture studies, a 
custom ebb and flow growth system was designed where individual plants were grown 
in 10 cm diameter by 30 cm tall PVC columns filled with sand (Flint Silica #12, U.S. 
Silica Company) that had been sterilized with 70% ethanol and rinsed with pure water 
several times.  This system involves flooding the sand cylinders up to the sand surface 
with Magnavaca’s solution and then allowing it to drain on a 4 hour cycle for aerated 
plants, or continuously flooding the cylinders the for non-aerated plants.   
For all three studies, seedlings were grown in a growth chamber for 10 days at 
30 °C day/26 °C night, 12 h/12 h photoperiod, 550 μmol m2 s-1 photon flux. 
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3D imaging system and calibration 
The 3D imaging system (Figure 3.1A) consists of a Nikon D300s Digital SLR 
Camera with a Nikon 180mm f/2.8D AF ED-IF Lens (Nikon Inc.) placed on a tripod with 
manual capture settings of 1/30 second shutter speed, f/22 f-stop and 200 ISO.  The 
camera was aligned transverse to a custom developed optical correction tank that was 
placed 2 meters from the center of the turntable in order to minimize potential 
reconstruction artifacts resulting from the perspective geometry of the imaging system 
(Clark et al., unpublished).  A rectangular optical correction tank was filled with water 
and incorporated into the imaging system to correct for optical refraction from the 
curved surface of the glass cylinder (Figure 3.10).  The optical correction tank contained 
an internal turntable that was magnetically interfaced with an external electronic 
turntable (Model #: 5718, Lin Engineering).  A lightbox (Model #: BL1824, Hall 
Productions, San Luis, CA) was placed behind the correction tank, opposite the camera, 
providing near-uniform backlighting.  Daily image sequences were captured for each 
plant root system grown in gellan gum consisting of 40 silhouette images taken every 9 
degrees over the entire 360 degrees of rotation and stored using LabVIEW and Nikon 
Camera Control Pro 2 software (Figure 3.1B,C).  Individual image sequences were 
captured in 4 minutes, with an image resolution of 50 microns per pixel. 
An axis of rotation (AOR) calibration technique was developed to determine the 
orientation of the AOR in relation to the camera.  The AOR was determined by placing 
an indexed rod on the top-outside edge of the internal turntable and capturing a 2D 












Figure 3.10:  Schematic of cylindrical distortion correction.  By integrating the optical 
correction tank into the 3D imaging system, the optical refraction from the curved 
surface if the cylinder/gellan gum is can be almost completely corrected.  Using the 
corrected image sequences, the root systems can be more accurately reconstructed by 










mark was tracked and three AOR calibration parameters used during reconstruction: 
translation, roll and pitch, were calculated from the tracked marks (Figure 3.11).  The 
scale of reconstruction space, in mm per voxel, was determined by measuring the pixel 
distance between the index marks when the rod was aligned in the imaging plane using 
ImageJ software (http://rsb.info.nih.gov/ij/). 
Image processing and 3D reconstruction with RootReader3D 
Prior to reconstruction, the 2D sequence images were identically cropped, down-
sampled to a resolution of 200 microns per pixel and converted to grayscale using 
Adobe Photoshop (Adobe Systems Incorporated) to produce images with dark roots 
surrounded by a bright background.  The image sequences were then thresholded, 
reconstructed, and analyzed using our custom RootReader3D software 
(www.plantmineralnutrition.net). The root system reconstructions generated with 
RootReader3D had the same resolution as the pre-processed image sequences. 
Validation of quantification 
After image sequences of the fourteen 10 day old rice seedlings (7 Azucena and 
7 IR64 seedlings) were captured, the rice seedlings were removed from the gellan gum 
growth containers and rinsed.  The root systems were excised from the shoot base, 
spread in the specimen/imaging tray, photographed, and measured with RootReader2D 
using methods described in Famoso et al, 2010.  Primary root and total root system 









Figure 3.11:  Axis of rotation calibration technique.  A) Shown at the left is a diagram of 
the axis of rotation (AOR) and image plane (IP).  B) Shown from left to right are 
depictions of the translation (TH), roll (θR), and pitch (θP) calibration parameters.  C) 
Sequence for the processing of calibration rod images from the original calibration rod 
image sequence containing forty images to a flattened image sequence used during the 
extraction of the calibration parameters.  The flattened image (right) shows the circular 
paths traveled by each of the index marks (IM) on the calibration rod (CR).  D) Flattened 
calibration rod image sequence with labels of the components used during the 
calculation of the calibration parameters.  E) Formulae used to calculate each 
calibration parameter, including TH (pixels), θR (degrees), θP (degrees) and the scale of 






RootReader2D primary root and total root system length measurements.  Maximum root 
system widths were then determined from the original images using ImageJ and 
compared to RootReader3D width measurements. 
 
CONCLUSION 
The 3D imaging and RootReader3D software platform described in this chapter 
is a unique imaging and analysis package for investigating both static and dynamic 3D 
RSA characteristics of plant root systems that have been formerly difficult to measure 
with high throughput, accuracy and resolution.  The automated and interactive features 
of RootReader3D also provide a flexible foundation for more extensive root trait analysis 
in the future.  The 27 measured root traits demonstrate the platforms utility for analyzing 
root systems, however, many root traits and quantitative techniques, including 
advanced dynamic and topological analysis, have not yet been incorporated to describe 
and analyze the 3D root models.  The presence of significant differences in basic 2D 
root traits between gellan gum, hydroponic and sand growth systems reinforces the fact 
that plant root systems are highly responsive to their growth environment and that more 
in-depth evaluation is needed before gellan gum root traits can be directly related to 
performance under field conditions.  The enhanced quantification capabilities and 
capacity to image over one hundred root systems per day, combined with a rapidly 
advancing array of genetic resources, presents many opportunities for dissecting the 
genetic control and developmental changes of RSA, as well as opportunities to explore 
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GENETIC MAPPING OF ROOT SYSTEM TRAITS IN ORYZA SATIVA USING 3-
DIMENSIONAL ROOT PHENOTYPING 
 
ABSTRACT 
The 3-dimensional (3D) root phenotyping platform that was presented in Chapter 
III allows root system architecture (RSA) characteristics of growing seedlings to be 
measured and tracked.  Using this phenotyping platform in combination with publicly 
available germplasm and genotypic resources, thirteen core root traits were measured 
on days 3, 6 and 9 after planting and joint linkage-association mapping studies were 
performed to identify regions of the rice (Oryza sativa) genome that are involved in root 
system development.  Composite interval mapping (CIM) with a recombinant inbred 
mapping population derived from a cross between IR64 (lowland, indica) and Azucena 
(upland, tropical japonica) detected 121 QTL across all 12 rice chromosomes.  Genome 
wide association studies (GWAS) were performed using an O. sativa panel that 
captures diversity within the aus, indica, temperate japonica and tropical japonica 
subpopulations of domesticated rice.  Eight hundred and forty-eight significant SNPs 
were detected in total during analyses across all accessions and within each of the four 
major subpopulations represented in the panel.  Multi-trait analyses were performed to 
further narrow in on regions of the rice genome that condition global control of multiple 
root system traits.  Significant regions from both single trait and multi-trait analyses will 
need to be further explored for candidate genes as well as possible functional roles in 
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root system adaption to optimal and suboptimal growth environments. 
 
RESULTS 
Root system architecture (RSA) in a rice diversity panel 
Four hundred twenty-six diverse Oryza sativa accessions from the McCouch rice 
diversity panel (Tung et al., 2010; Zhao et al., 2011) were evaluated for root traits using 
the 3-dimensional root phenotyping platform described in Chapter III (Clark et al., 2011).  
Root system images were captured on days 3, 6, 9, and 12 after transplanting (D3, D6, 
D9 and D12) and 19 global root system architecture (RSA) traits (Table 4.1) were 
measured from the reconstructed root systems imaged on D3, D6 and D9.  The RSA 
measurements were transformed to improve normality of the trait distributions and 
further reduced to 13 core RSA trait measures (Table 4.2).  Markov Chain Monte Carlo 
(MCMC) resampling was performed to account for environmental effects and low 
replicate numbers during the screening experiment, and median core trait estimates 
were generated (Figure 4.1).  To investigate the amount of phenotypic variation that 
was described by rice subpopulation alone, one-way ANOVA across the 4 major rice 
subpopulations represented in the diversity panel (aus, indica, temperate japonica and 
tropical japonica) was performed.  It was found that rice subpopulation structure 
described between 5.2 and 58.5% of the observed trait variation in the panel for a single 
trait and time point (Table 4.3).  Broad sense heritability (H2) was estimated during the 
MCMC resampling process and found to range from 0.26 to 0.79 (Table 4.3).  Overall, it 
was observed that rice subpopulation structure tended to describe more of the variation   
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 Table 4.1: 19 Original RSA Traits 
Trait Description 
Bushiness Ratio maximum number of roots to median number of roots.  Adapted from Iyer-Pascuzzi, et al (2010). 
Centroid Vertical position of the center of mass of the whole root system. 
ConvexHull 
Volume of the convex hull that encompasses the whole root system.  The convex hull is 
found by summing the convex hulls of all horizontal cross-sectional slices through the 
root system, where the convex hull is the smallest convex set of voxels that contains all 
other root voxels in the slice.  Adapted from Iyer-Pascuzzi, et al (2010). 
MaxDepth Maximum vertical depth of the whole root systems measured in relation to upper most slice containing a root system voxel. 
MaxRoots 
Number of roots at the 84th percentile of a sorted list (smallest to largest) of root counts 
from all horizontal cross-sections through the entire root system.  Adapted from Iyer-
Pascuzzi, et al (2010). 
MaxWidth Minimum horizontal width of the whole roots system measured every 0.2 degrees of rotation. 
MaxWidth/MaxDepth Ratio of maximum width to maximum depth. 
MedRoots Median number of roots from root counts taken from all horizontal cross-sectional slices through the entire root system.  Adapted from Iyer-Pascuzzi, et al (2010). 
MinWidth/MaxWidth Ratio of minimum width to maximum width. 
MinWidth Minimum horizontal width of the whole roots system or root system component measured every 0.2 degrees of rotation. 
Solidity Ratio of volume to convex hull volume.  Adapted from Iyer-Pascuzzi, et al (2010). 
SRL Ratio of length to volume of the whole root system.  Adapted from Eissenstat (1991) and Iyer-Pascuzzi, et al (2010). 
TipCount Number of root tips in the whole root system.  Measured from root system skeleton and is the number of skeleton voxels that have only one 26-connected neighbor voxel. 
TRSL Length along the skeleton of the whole root system using a polyline length estimation technique. 
TRSL/TRSSA Ratio of length to surface area. 
TRSSA Summed surface area of the whole root system voxels that are 6-connected with a background voxel. 
TRSSA/TRSV Ratio of surface area to volume. 
TRSV Volume of the whole root system. 




Table 4.2: 13 MCMC Resampled Traits 
Trait Description 
Centroid Vertical position of the center of mass of the whole root system. 
ConvexHull 
Volume of the convex hull that encompasses the whole root system.  The convex hull is 
found by summing the convex hulls of all horizontal cross-sectional slices through the 
root system, where the convex hull is the smallest convex set of voxels that contains all 
other root voxels in the slice.  Adapted from Iyer-Pascuzzi, et al (2010). 
MaxDepth Maximum vertical depth of the whole root systems measured in relation to upper most slice containing a root system voxel. 
MaxRoots 
Number of roots at the 84th percentile of a sorted list (smallest to largest) of root counts 
from all horizontal cross-sections through the entire root system.  Adapted from Iyer-
Pascuzzi, et al (2010). 
MaxWidth Minimum horizontal width of the whole roots system measured every 0.2 degrees of rotation. 
MinWidth Minimum horizontal width of the whole roots system or root system component measured every 0.2 degrees of rotation. 
mmRtpcC Contrast (2nd) principle component of the pairwise principle component analysis of MaxRoots and MedRoots. 
Solidity Ratio of volume to convex hull volume.  Adapted from Iyer-Pascuzzi, et al (2010). 
SRL Ratio of length to volume of the whole root system.  Adapted from Eissenstat (1991) and Iyer-Pascuzzi, et al (2010). 
TipCount 
Number of root tips in the whole root system.  Measured from root system skeleton and 
is the number of skeleton voxels that have only one 26-connected neighbor voxel.  
(Note: This also effectively represents TRSL, TRSSA, and TRSV) 
TRSLVpcC Contrast (2nd) principle component of the pairwise principle component analysis of TRSL and TRSV. 
TRSVSApcC Contrast (2nd) principle component of the pairwise principle component analysis of TRSV and TRSSA. 













Figure 4.1: Boxplots of MCMC resampled 3D root systems RSA trait measures from 






in traits related to root system density and compactness, whereas root depth related  
traits tended to have higher heritabilities. 
RSA in a recombinant inbred (RI) rice population  
Two hundred fifty-five recombinant inbred lines (RILs) from a population derived 
from a cross between IR64 (indica) and Azucena (tropical japonica) were screened for 
3D RSA traits.  Nineteen global root system traits (Table 4.1) were measured from root 
system reconstructions on D3, D6, and D9, then reduced to 13 core trait measurements 
(Table 4.2) and transformed to improve normality across the trait distributions (Table 
4.4).  The mean of the trait measurements across the RILs population fell within the 
parental mean measurements for all of the core traits except specific root length (SLR) 
on D6 and D9, VolumeDistribution on D9, and the contrast principle components.  The 
two parent varieties of the RIL population displayed RSA traits consistent with previous 
root system studies of varieties from the Indica and Japonica subspecies (Iyer-Pascuzzi 
et al., 2010; Topp et al., 2013).  IR64, the indica parent, had a shallow, more compact 
root system with longer lateral root branches, whereas Azucena, the tropical japonica 
parent, had a root system comprised predominantly of deeper primary and crown roots 
with shorter lateral root branches.  Despite the many differences between these distinct 
varieties, all core traits showed transgressive variation within the derived RIL 
population.  While some root trait distributions displayed bimodal characteristics, such 
as VolumeDistribution, MaxDepth and Centroid (Figure 4.2), transgressive variation was 
still observed among the RILs, where the population contained RILs which displayed 
trait values higher than that of the higher parent and lower than that of the lower parent. 
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Genome wide association (GWA) analysis 
Using a custom genotypic dataset consisting of the 673,937 SNP markers, 
genome wide association (GWA) studies were performed with the MCMC core trait 
measurements from D3, D6, D9 and Davg.  GWA analysis was performed using a linear 
mixed model approach (Kang et al., 2008), across all accessions (ALL) and within the 
aus (AUS), indica (IND), temperate japonica (TEJ) and tropical japonica (TRJ) rice 
subpopulations (Figure 4.3).  To better define genomic regions of interest, peak SNPs of 
having a -log10(p-value) near or higher than 4 with strong support from surrounding 
SNPs were manually selected from the significance results for each respective GWA 
analyses.  SNPs that were highly significant, but were not supported by surrounding 
SNPs were excluded during this selection process.  In total, 848 SNPs were selected 
from the GWA results, with 235, 182, 199, 76 and 156 from ALL, AUS, IND, TEJ and 
TRJ subpopulations, respectively.  As shown in Figure 4.3, some of the selected SNP 
were significant across multiple traits, days and subpopulations, whereas others were 
only significant for a specific trait, day and/or subpopulation. 
When factoring in linkage disequilibrium (LD), which has been estimated to range 
between 50kb and 500kb in rice (Mather et al., 2007; Zhao et al., 2011), based on the 
extensive spread of 848 selected SNPs, it appears that from these results (Figure 4.3) a 
large percentage of the rice genome could potentially be involved in RSA development 
at some point during the experimental period.  These results highlight the complex 
nature of the root development, thus specific traits of interest and multi-trait approaches 
are focused on during subsequent analyses in order to narrow down and prioritize the 












Table 4.3: Broad sense heritability estimates (H2) and one-way ANOVA R2 results from 
analysis across the 4 major rice subpopulations represented in the rice diversity panel.  
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D3 0.50 (0.43, 0.57) 0.174 
D6 0.70 (0.65, 0.75) 0.123 
D9 0.74 (0.69, 0.78) 0.126 
Davg 0.65 (0.62, 0.69) 0.095 
ConvexHull 
D3 0.43 (0.35, 0.51) 0.475 
D6 0.53 (0.46, 0.59) 0.468 
D9 0.58 (0.51, 0.65) 0.367 
Davg 0.51 (0.47, 0.55) 0.317 
MaxDepth 
D3 0.64 (0.58, 0.69) 0.153 
D6 0.78 (0.74, 0.82) 0.194 
D9 0.79 (0.75, 0.83) 0.255 
Davg 0.72 (0.69, 0.75) 0.195 
MaximumRoots 
D3 0.54 (0.47, 0.61) 0.356 
D6 0.63 (0.57, 0.69) 0.238 
D9 0.67 (0.61, 0.72) 0.279 
Davg 0.60 (0.56, 0.64) 0.230 
MaxWidth 
D3 0.38 (0.30, 0.47) 0.505 
D6 0.49 (0.42, 0.56) 0.549 
D9 0.68 (0.61, 0.73) 0.307 
Davg 0.53 (0.49, 0.58) 0.346 
MinWidth 
D3 0.40 (0.32, 0.48) 0.438 
D6 0.48 (0.40, 0.55) 0.480 
D9 0.60 (0.52, 0.66) 0.304 
Davg 0.51 (0.46, 0.55) 0.295 
mmRtpcC 
D3 0.43 (0.35, 0.50) 0.162 
D6 0.41 (0.34, 0.49) 0.273 
D9 0.50 (0.43, 0.57) 0.365 
Davg 0.26 (0.22, 0.30) 0.351 
Solidity 
D3 0.42 (0.34, 0.51) 0.402 
D6 0.46 (0.39, 0.54) 0.585 
D9 0.59 (0.52, 0.66) 0.540 
Davg 0.46 (0.41, 0.50) 0.413 
SRL 
D3 0.43 (0.34, 0.50) 0.245 
D6 0.43 (0.35, 0.50) 0.063 
D9 0.38 (0.31, 0.46) 0.103 
Davg 0.37 (0.33, 0.42) 0.076 
TipCount 
D3 0.42 (0.33, 0.49) 0.509 
D6 0.58 (0.51, 0.64) 0.311 
D9 0.60 (0.54, 0.66) 0.137 
Davg 0.54 (0.50, 0.59) 0.201 
TRSLVpcC 
D3 0.46 (0.37, 0.53) 0.166 
D6 0.44 (0.36, 0.51) 0.052 
D9 0.41 (0.33, 0.48) 0.121 
Davg 0.39 (0.34, 0.43) 0.062 
TRSVSApcC 
D3 0.58 (0.51, 0.65) 0.359 
D6 0.56 (0.49, 0.62) 0.249 
D9 0.55 (0.48, 0.61) 0.264 
Davg 0.43 (0.39, 0.48) 0.256 
VolumeDistribution 
D3 0.61 (0.55, 0.67) 0.246 
D6 0.52 (0.45, 0.59) 0.502 
D9 0.57 (0.51, 0.63) 0.573 
Davg 0.34 (0.29, 0.38) 0.472 
The upper and lower bounds of the 95% credibility interval shown in parenthesis 

















Transformations made to trait measures are indicated with the following symbols: a=log10, b=square root, c=logit 
(upper bound of 21), d=forth power, e=logit (upper bound of 10).  The trait means are followed by their standard 
deviation surround in parentheses.  The difference in trait measures between of the parental lines (IR64 and Azucena) 
were tested using a two-sided t-test and the significance values are denoted as: p≥0.5 (no mark), p<0.05 (*), p<0.01 
(**), and p<0.001 (***).  
Trait Day IR64 Azucena RILs 
 
D3 1.05 (0.196) 1.35 (0.331) 1.32 (0.300)* 
Centroid D6a 0.30 (0.053) 0.53 (0.099) 0.44 (0.093)*** 
 
D9a 0.48 (0.044) 0.74 (0.113) 0.61 (0.096)*** 
 
D3b 1.37 (0.504) 0.94 (0.183) 1.34 (0.530)** 
ConvexHull D6b 5.96 (1.851) 4.74 (1.433) 5.76 (1.820) 
 
D9b 10.95 (2.598) 8.92 (2.642) 10.21 (3.039)* 
 
D3 3.18 (0.774) 6.21 (2.146) 5.02 (2.199)*** 
MaxDepth D6 7.14 (0.894) 14.03 (3.192) 10.97 (3.324)*** 
 
D9c 0.01 (0.077) 1.14 (0.467) 0.47 (0.510)*** 
 
D3a 0.93 (0.138) 0.59 (0.209) 0.82 (0.224)*** 
MaximumRoots D6a 1.27 (0.159) 0.90 (0.144) 1.13 (0.189)*** 
 
D9a 1.50 (0.164) 1.06 (0.165) 1.33 (0.193)*** 
 
D3 3.03 (0.830) 2.48 (0.638) 2.90 (0.807) 
MaxWidth D6d 3361 (1627) 1579 (980) 2348 (1587)** 
 
D9e 0.90 (0.180) 0.48 (0.322) 0.63 (0.311)*** 
 
D3 2.07 (0.629) 1.77 (0.442) 1.96 (0.594) 
MinWidth D6 4.48 (0.995) 4.00 (0.886) 4.40 (1.109) 
 
D9 6.13 (1.063) 4.94 (1.104) 5.66 (1.285)** 
 
D3 0.26 (0.814) 0.24 (0.471) 0.00 (0.564) 
mmRtpcC D6 0.22 (0.304) 0.38 (0.501) 0.00 (0.530) 
 
D9 -0.01 (0.385) 0.39 (0.310) 0.00 (0.406)** 
 
D3a -1.02 (0.216) -0.82 (0.157) -0.96 (0.214)* 
Solidity D6a -1.82 (0.216) -1.68 (0.214) -1.74 (0.198) 
 
D9a -2.01 (0.124) -1.93 (0.182) -1.93 (0.187) 
 
D3 165.7 (33.13) 156.0 (30.67) 164.0 (29.35) 
SRL D6 200.0 (18.69) 199.4 (15.28) 197.1 (19.10) 
 
D9 204.3 (15.12) 200.4 (13.06) 195.8 (15.93) 
 
D3b 8.71 (2.024) 6.51 (1.054) 8.060 (2.141)** 
TipCount D6b 16.25 (3.509) 15.45 (2.403) 16.41 (3.568) 
 
D9b 28.56 (5.837) 24.35 (3.784) 26.62 (5.722) 
 
D3 0.04 (0.231) 0.00 (0.280) 0.00 (0.240) 
TRSLVpcC D6 0.04 (0.190) 0.04 (0.161) 0.00 (0.211) 
 
D9 -0.09 (0.146) -0.06 (0.131) 0.00 (0.169) 
 
D3 0.19 (0.156) -0.10 (0.161) 0.00 (0.154)*** 
TRSVSApcC D6 0.11 (0.104) -0.03 (0.122) 0.00 (0.174)** 
 
D9 0.10 (0.112) -0.01 (0.099) 0.00 (0.144)* 
 
D3b 1.17 (0.274) 2.09 (0.640) 1.57 (0.635)*** 
VolumeDistribution D6b 1.33 (0.181) 1.59 (0.286) 1.57 (0.330)* 
 




Using a genotypic dataset of 1559 SNP markers (Spindel et al., 2012), composite 
interval mapping (CIM) was performed with the 13 core RSA trait measures from the 
IR64 x Azucena RIL population on D3, D6 and D9.  In total, 121 QTL with LOD scores 
ranging from 3.1 to 13.1 and R2 values from 0.05 to 0.23 were detected (Table 4.5).  
These QTL were spread across all 12 of the rice chromosomes, however most QTL 
localized to hotspots regions of the genome (Figure 4.4).  Similar to what was observed 
for root systems characteristics of the RIL parents, Azucena tended to additively 
contribute more to QTL detected for deeper, sparser root system traits (i.e. Centroid, 
MaxDepth and ConvexHull) whereas IR64 additively contributed more to QTL for 
denser, more compact root system traits (i.e. Solidity and SLR).  However, there were 
also a few QTL detected where the IR64 parent also contributed to increased depth.  As 
highlighted in Figure 4.4, most hotspot regions were composed of traits related to either 
root system depth (hotspots on chromosomes 2, 6 and 8) or root system density 
(hotspots on chromosomes 1, 3, 6 and 9).  Interestingly enough, there was very little 
overlap between QTL detected for either of the two types of roots traits (depth-related 
and density-related).  Additionally, the hotspot regions typically persisted over multiple 
days, though one region related to depth (chromosome 8) and one related to density 
(chromosome 9) were only detected for a single time point (D3 and D6 respectively).  
One hotspot region related to total root system length which persisted over all three time 
points was also detected on chromosome 10, for which IR64 additively contributed to 






Figure 4.2:  Density plots generated with the densityplot function in the R lattice 
package (Sarkar, 2008) for VolumeDistribution, MaxDepth, and Centroid traits 
measured on D3, D6 and D9 in the RIL mapping population.  The mean trait values of 
the individual RILs are displayed on the x-axis with parental lines means highlighted 










Figure 4.3: Manhattan heatmap plots from genome wide association (GWA) analysis of 
the 13 core RSA traits measured on D3, D6, D9 and Davg.  SNP significances are 
highlighted by color gradients from the minimum (yellow) to the maximum (blue) for 
each individual Manhattan plot.  The genomic locations that were selected for further 
investigation are marked with triangles (red) along base of each Manhattan plot.  Plots 
from analysis performed: A) across all subpopulation; B) within the aus (AUS) 
subpopulation; C) within the indica (IND) subpopulation; D) within the temperate 































Table 4.5: QTL detected during composite interval mapping of RSA traits in the IR64 x 
Azucena RIL population.  
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LOD Additive Effect R2 
Centroid 
Centroid 6.2.1 D6 2 22.382 21.829 23.084 4.25 0.0254 (Azu) 0.073 
Centroid 6.2.2 D6 2 23.795 23.144 24.530 3.63 0.0244 (Azu) 0.065 
Centroid 9.2.1 D9 2 20.738 20.411 21.443 4.65 0.0278 (Azu) 0.081 
Centroid 9.2.2 D9 2 22.188 21.769 22.797 5.28 0.0288 (Azu) 0.088 
Centroid 9.2.3 D9 2 23.697 23.144 23.921 4.47 0.0272 (Azu) 0.078 
Centroid 3.6.1 D3 6 6.442 5.905 6.804 3.27 0.0799 (Azu) 0.066 
Centroid 3.6.2 D3 6 6.983 6.814 7.866 3.72 0.0888 (Azu) 0.078 
Centroid 6.6.1 D6 6 25.384 25.112 25.772 7.45 0.0354 (Azu) 0.142 
Centroid 6.6.2 D6 6 26.099 25.971 26.407 8.38 0.0374 (Azu) 0.161 
Centroid 6.6.3 D6 6 27.035 26.848 27.255 9.35 0.0394 (Azu) 0.174 
Centroid 6.6.4 D6 6 28.371 28.093 28.487 4.90 0.0305 (Azu) 0.103 
Centroid 9.6.1 D9 6 26.292 26.292 26.407 10.99 0.0439 (Azu) 0.210 
Centroid 9.6.2 D9 6 27.035 26.861 27.226 12.43 0.0461 (Azu) 0.231 
Centroid 9.6.3 D9 6 28.371 28.093 28.487 7.17 0.0376 (Azu) 0.150 
Centroid 6.7.1 D6 7 23.893 23.151 24.445 3.48 0.0228 (Azu) 0.059 
Centroid 9.7.1 D9 7 23.893 23.254 24.445 5.08 0.0279 (Azu) 0.084 
ConvexHull 
ConvexHull 6.1.1 D6 1 38.102 37.770 38.600 5.93 0.6046 (Azu) 0.104 
ConvexHull 9.1.1 D9 1 35.933 35.893 36.231 3.64 0.8690 (Azu) 0.070 
ConvexHull 9.1.2 D9 1 38.102 37.898 38.268 8.40 1.2238 (Azu) 0.151 
ConvexHull 9.3.1 D9 3 32.576 32.423 32.797 3.60 0.7547 (Azu) 0.060 
ConvexHull 3.6.1 D3 6 7.321 7.031 7.866 4.39 0.1729 (Azu) 0.101 
ConvexHull 6.6.1 D6 6 5.245 5.227 5.645 5.73 0.6045 (Azu) 0.110 
ConvexHull 6.6.2 D6 6 6.602 6.210 6.804 6.53 0.6561 (Azu) 0.125 
ConvexHull 6.6.3 D6 6 7.683 7.671 7.854 8.10 0.7450 (Azu) 0.156 
ConvexHull 6.6.4 D6 6 9.142 8.310 9.960 4.35 0.5723 (Azu) 0.092 
ConvexHull 9.6.1 D9 6 7.683 7.647 7.830 8.25 1.2461 (Azu) 0.157 
ConvexHull 9.6.2 D9 6 9.469 8.310 9.960 5.39 1.0567 (Azu) 0.113 
ConvexHull 6.9.1 D6 9 15.663 15.145 15.840 3.69 0.4680 (Azu) 0.064 
MaxDepth 
MaxDepth 6.2.1 D6 2 23.795 23.161 24.102 5.62 1.0454 (Azu) 0.093 
MaxDepth 6.2.2 D6 2 24.205 24.102 24.706 5.35 0.9950 (Azu) 0.085 
MaxDepth 9.2.1 D9 2 8.695 8.547 10.049 5.87 0.1640 (Azu) 0.100 
MaxDepth 9.4.1 D9 4 29.318 28.547 30.386 3.33 -0.1196 (IR64) 0.054 
MaxDepth 6.5.1 D6 5 19.544 19.100 19.926 3.81 0.8394 (Azu) 0.062 
MaxDepth 3.6.1 D3 6 29.789 29.563 30.474 6.17 0.7909 (Azu) 0.123 
MaxDepth 6.6.1 D6 6 26.407 26.341 26.564 13.11 1.6139 (Azu) 0.230 
MaxDepth 6.6.2 D6 6 26.861 26.634 27.255 12.61 1.6150 (Azu) 0.230 
MaxDepth 6.6.3 D6 6 28.371 28.093 28.487 7.85 1.3243 (Azu) 0.156 
MaxDepth 9.6.1 D9 6 26.407 26.325 26.493 10.92 0.2287 (Azu) 0.192 
MaxDepth 9.6.2 D9 6 27.102 26.634 27.565 9.36 0.2148 (Azu) 0.169 
MaxDepth 9.6.3 D9 6 28.477 28.093 28.584 6.56 0.1842 (Azu) 0.123 





Table 4.5 (continued) 







LOD Additive Effect R2 
MaxDepth 
(continued) 
MaxDepth 3.8.1 D3 8 21.785 21.515 22.047 3.27 0.5958 (Azu) 0.064 
MaxDepth 3.8.2 D3 8 23.916 23.869 24.368 6.83 -1.0510 (IR64) 0.135 
MaxDepth 3.8.3 D3 8 24.863 24.542 25.140 5.67 -0.8645 (IR64) 0.114 
MaxDepth 3.8.4 D3 8 25.460 25.358 25.799 6.00 -0.8336 (IR64) 0.120 
MaxDepth 3.8.5 D3 8 27.554 27.188 27.593 3.35 -0.6462 (IR64) 0.076 
MaxRoots 
MaxRoots 3.5.1 D3 5 0.596 0.201 0.962 5.28 0.0789 (Azu) 0.118 
MaxRoots 9.6.1 D9 6 29.789 28.981 30.212 5.63 -0.0700 (IR64) 0.122 
MaxWidth 
MaxWidth 6.1.1 D6 1 31.468 31.296 31.744 3.29 412.51 (Azu) 0.062 
MaxWidth 6.1.2 D6 1 33.965 33.801 34.024 6.14 552.92 (Azu) 0.112 
MaxWidth 6.1.3 D6 1 35.127 34.411 35.364 7.79 622.95 (Azu) 0.138 
MaxWidth 9.1.1 D9 1 32.608 32.297 32.865 3.75 0.0824 (Azu) 0.069 
MaxWidth 9.1.2 D9 1 34.591 34.189 35.512 3.77 0.0825 (Azu) 0.069 
MaxWidth 9.3.1 D9 3 32.217 31.541 32.397 3.65 0.0836 (Azu) 0.071 
MaxWidth 9.3.2 D9 3 32.576 32.397 32.797 4.29 0.0880 (Azu) 0.079 
MaxWidth 3.6.1 D3 6 9.142 8.310 9.714 5.24 0.3190 (Azu) 0.149 
MaxWidth 6.6.1 D6 6 12.997 11.629 13.247 4.45 522.76 (Azu) 0.076 
MaxWidth 6.6.2 D6 6 17.628 13.906 17.906 4.61 522.06 (Azu) 0.082 
MaxWidth 9.6.1 D9 6 6.030 5.739 6.442 6.12 0.1102 (Azu) 0.119 
MaxWidth 9.6.2 D9 6 7.166 6.959 7.928 7.05 0.1199 (Azu) 0.140 
MaxWidth 9.6.3 D9 6 9.306 8.310 9.960 5.27 0.1099 (Azu) 0.119 
MaxWidth 6.9.1 D6 9 13.968 13.820 14.485 8.73 0.0000  0.158 
MinWidth 
MinWidth 6.1.1 D6 1 34.189 33.837 34.364 3.67 0.2933 (Azu) 0.069 
MinWidth 6.1.2 D6 1 34.719 34.364 35.372 3.79 0.2975 (Azu) 0.071 
MinWidth 9.1.1 D9 1 32.608 32.283 33.223 3.84 0.3570 (Azu) 0.075 
MinWidth 9.1.2 D9 1 34.719 34.591 35.364 5.23 0.4094 (Azu) 0.101 
MinWidth 6.3.1 D6 3 32.576 32.303 32.941 3.65 0.2916 (Azu) 0.069 
MinWidth 9.3.1 D9 3 32.576 32.440 32.764 4.79 0.3886 (Azu) 0.092 
MinWidth 3.6.1 D3 6 7.744 6.862 8.165 3.84 0.1890 (Azu) 0.092 
MinWidth 6.6.1 D6 6 7.805 7.321 8.165 3.87 0.3236 (Azu) 0.079 
MinWidth 9.6.1 D9 6 7.744 7.050 8.186 4.41 0.3978 (Azu) 0.091 
MinWidth 9.6.2 D9 6 9.960 9.110 10.766 4.64 0.3905 (Azu) 0.087 
MinWidth 6.9.1 D6 9 14.907 13.852 14.994 4.68 0.3536 (Azu) 0.095 
MinWidth 6.9.2 D6 9 16.069 15.906 16.242 4.25 0.3204 (Azu) 0.082 
MinWidth 3.10.1 D3 10 10.074 5.711 11.376 3.32 -0.1896 (IR64) 0.074 
mmRtpcC 
mmRtpcC 9.6.1 D9 6 7.928 7.659 8.227 3.69 -0.1226 (IR64) 0.082 
mmRtpcC 3.10.1 D3 10 18.350 17.884 18.874 3.56 -0.1728 (IR64) 0.082 
Solidity 
Solidity 9.1.1 D9 1 37.535 37.249 37.770 4.30 -0.0567 (IR64) 0.084 
Solidity 9.1.2 D9 1 38.238 37.914 38.612 4.83 -0.0590 (IR64) 0.093 





Table 4.5 (continued) 







LOD Additive Effect R2 
Solidity 
(continued) 
Solidity 6.3.2 D6 3 32.576 32.397 32.797 3.39 -0.0462 (IR64) 0.055 
Solidity 9.3.1 D9 3 30.902 30.521 31.805 5.12 -0.0617 (IR64) 0.099 
Solidity 9.3.2 D9 3 32.576 32.450 32.731 5.20 -0.0606 (IR64) 0.101 
Solidity 6.6.1 D6 6 5.432 5.385 5.645 4.44 -0.0601 (IR64) 0.093 
Solidity 6.6.2 D6 6 6.602 6.287 6.804 5.45 -0.0653 (IR64) 0.108 
Solidity 6.6.3 D6 6 7.683 6.996 7.866 6.49 -0.0725 (IR64) 0.128 
Solidity 6.6.1 D6 6 9.306 8.310 9.960 4.50 -0.0624 (IR64) 0.095 
Solidity 9.6.1 D9 6 7.321 6.898 7.866 5.45 -0.0639 (IR64) 0.106 
Solidity 9.6.2 D9 6 8.019 7.928 8.248 4.32 -0.0585 (IR64) 0.085 
Solidity 9.6.3 D9 6 8.979 8.310 9.960 3.72 -0.0557 (IR64) 0.078 
Solidity 6.9.1 D6 9 14.282 13.699 14.574 4.39 -0.0589 (IR64) 0.079 
SRL 
SRL 9.3.1 D9 3 21.149 17.141 22.643 3.41 -5.2213 (IR64) 0.082 
SRL 9.4.1 D9 4 26.935 25.197 27.794 3.75 -5.0823 (IR64) 0.090 
SRL 6.7.1 D6 7 27.715 27.677 27.994 4.16 -6.5745 (IR64) 0.096 
SRL 6.7.2 D6 7 28.408 28.277 28.846 6.20 -7.2882 (IR64) 0.135 
SRL 3.12.1 D3 12 4.426 3.852 4.667 3.93 -8.7750 (IR64) 0.084 
TipCount 
TipCount 3.6.1 D3 6 7.805 7.031 8.206 4.85 0.7728 (Azu) 0.119 
TipCount 6.6.1 D6 6 4.998 4.977 5.459 4.36 1.1250 (Azu) 0.095 
TipCount 3.10.1 D3 10 4.350 4.017 5.601 3.61 -0.6560 (IR64) 0.080 
TipCount 6.10.1 D6 10 2.931 2.703 3.935 4.99 -1.2382 (IR64) 0.103 
TipCount 9.10.1 D9 10 2.703 2.098 3.894 3.33 -1.6554 (IR64) 0.070 
TRSLVpcC TRSLVpcC 3.12.1 D3 12 4.483 4.225 4.654 4.14 -0.0738 (IR64) 0.088 
TRSVSApcC 
TRSVSApcC 9.1.1 D9 1 4.576 4.050 4.909 3.47 0.0459 (Azu) 0.096 
TRSVSApcC 3.3.1 D3 3 26.455 25.955 26.780 3.91 0.0474 (Azu) 0.085 
TRSVSApcC 3.4.1 D3 4 17.364 16.891 18.709 4.63 -0.0545 (IR64) 0.102 
TRSVSApcC 9.5.1 D9 5 1.257 1.129 1.481 3.12 -0.0410 (IR64) 0.076 
TRSVSApcC 6.7.1 D6 7 28.647 28.346 29.012 4.46 -0.0525 (IR64) 0.091 
TRSVSApcC 3.8.1 D3 8 0.425 0.000 0.865 3.56 -0.0434 (IR64) 0.077 
TRSVSApcC 6.8.1 D6 8 0.000 0.000 0.150 5.80 -0.0833 (IR64) 0.133 
TRSVSApcC 6.8.2 D6 8 0.633 0.282 0.767 3.35 -0.0506 (IR64) 0.079 
TRSVSApcC 6.8.3 D6 8 2.172 2.124 2.280 3.64 0.0635 (Azu) 0.078 
TRSVSApcC 6.11.1 D6 11 24.649 24.363 24.931 4.39 -0.0544 (IR64) 0.091 
TRSVSApcC 6.11.2 D6 11 25.314 25.044 26.342 3.65 -0.0509 (IR64) 0.076 
VolumeDistribution 
VolumeDistribution 9.5.1 D9 5 0.352 0.000 0.962 3.37 -0.0635 (IR64) 0.072 
VolumeDistribution 3.6.1 D3 6 29.789 29.578 30.272 6.08 0.2310 (Azu) 0.126 
VolumeDistribution 6.6.1 D6 6 25.112 24.974 25.772 3.58 0.0956 (Azu) 0.082 
VolumeDistribution 6.6.2 D6 6 26.407 26.242 27.115 6.62 0.1270 (Azu) 0.146 
VolumeDistribution 9.6.1 D9 6 7.805 7.640 8.059 5.64 0.0906 (Azu) 0.139 
VolumeDistribution 3.8.1 D3 8 23.916 23.869 24.534 3.49 -0.1856 (IR64) 0.072 
VolumeDistribution 3.8.2 D3 8 25.460 25.321 25.691 4.70 -0.2086 (IR64) 0.096 





Figure 4.4: Depiction of chromosomal positions of detected QTL from mapping of RSA traits in the IR64 x Azucena RIL 
population.  The solid regions and whiskers of the QTL boxes represent the LOD1 and LOD2 confidence regions of the 
QTL, respectively.  Hotspot regions related to root system depth, density and total length are highlighted in color on the 
chromosomes (blue, red, and green, respectively).  The horizontal bars along the inside of the chromosomes depict the 




How do we identify functional RSA traits? 
Using 3D phenotyping tools and whole genome approaches to investigate root 
system architecture provides many opportunities to discover genetic factors involved in 
root traits.  However, it also presents many challenges due to the complex nature of root 
systems and their development.  Even when studying root systems at the early seedling 
stage in a highly controlled, artificial growth environment, GWA and QTL mapping 
studies with the detailed phenotypes obtained in this study generate an overwhelming 
amount of information.  For instance, during the mapping of the 13 core traits across all 
days (D3, D6, D9 and Davg) in the indica subpopulation alone, approximately 93 
genomic regions with strong SNP support (where LD was assumed to be 500kb) were 
designated during first pass selections of SNPs for further investigation.  Several of 
these regions overlap between analyses with other subpopulations; however, many are 
also unique to the indica subpopulation and/or specific to a single trait. 
One strategy to help refine this genomic search space and narrow down the 
dataset is to select a few traits that can be further contextualized from a functional 
perspective based on phenotypic observations.  As mentioned before, one important 
area of abiotic stress research is plant adaption to limited nutrient and water resources.  
Although plant adaptation involves the coordination of responses across the whole 
plant, root systems are the main site of nutrient and water uptake in plants, so 
understanding the genetic components of their development may help researchers 




As climates shift and freshwater resources become more scarce and strained, 
drought tolerance and water conservation will continue to be an important area of 
abiotic stress research (Li et al., 2009; Gornall et al., 2010).  Much of modern rice 
production is still optimized for irrigated paddy systems, but some upland rice breeding 
programs have also been focusing for decades on developing cultivars with improved 
growth and production under dryer and less predictable rainfed environments, where 
most of the high performance, deep rooting breeding cultivars have been identified from 
the Japonica subspecies (Gowda et al., 2011).  Recent QTL studies in a population 
derived from a cross between a deeper-rooting upland tropical japonica cultivar (cv: 
Kinandang Putong) and a shallow rooted, irrigated paddy indica cultivar (cv: IR64) have 
identified a deep rooting gene, Dro1, for which the Kinandang Putong allele improves 
the rooting depth in the IR64 background (Uga et al., 2011).  The selection of indica 
cultivars in breeding programs to improve yield under aerobic or alternate wetting and 
drying (AWD) cultivation has been limited possibly because indica cultivars are not 
typically evaluated for beneficial deep rooting qualities; however, some mapping studies 
have found that indica parents can contribute alleles with greater penetration ability in 
dry or compacted soils (Ray et al., 1996; Cairns et al., 2011). 
When performing GWA analysis in the rice diversity panel, several hotspot 
regions related to root system depth were detected.  One example of a depth-related 
hotspot was detected during GWA analysis on the entire set of accessions on 
chromosome 4 with the peak SNP located at 24.084 Mb (MSU6; SNP ID: 
c4p24084119).  It is interesting to note that this association was not detected when 
GWA analysis was conducted only with the accessions within the IND subpopulation.  
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However, when the reconstructed root images for the IND accessions were analyzed in 
more detail, a strikingly significant difference in root depth traits was found between 
SNPs alleles at this region of chromosome 4 for the IND accessions (Figure 4.5).  The 
absence of any detected associations around this location during GWA studies in the 
IND population is a bit disconcerting; however, this non-association could have arisen 
due to the control for kinship structure and relatedness in the mixed model GWA 
approach. 
Since this control might have been a possible cause, introgression analysis was 
performed to investigate whether there might be unique introgressions in some 
accessions at this genomic location that resulted in the kinship structure that was 
corrected for during GWA analysis within the indica subpopulation.  Using a preliminary 
introgression map constructed with the 700k SNP dataset (Figure 4.6), testing showed 
that there was a likely introgression from the Japonica subspecies (TEJ and TRJ 
subpopulations) between 23.792 and 24.162 Mb that resulted in shallower root systems 
with smaller Centroid (Figure 4.7), MaxDepth and VolumeDistribution trait values within 
an indica background.  Although further analysis in this region needs to be performed, 
given the assumption that a deeper root system helps a plant to better tolerate drought 
conditions, and that root trait alleles conferring greater drought tolerance mainly come 
from Japonica germplasm, these findings highlight the fact that beneficial trait alleles 
can also be found in unlikely germplasm backgrounds (McCouch, 2012). 
Exploring multi-trait approaches 
To complement efforts to directly follow-up on traits and mapping results from a 
functional perspective, further multi-trait approaches were also performed to help 
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reduce and prioritize the number of genomic regions for candidate genes and their 
possible involvement in plant adaptation to abiotic stress.  Multi-trait approaches were 
explored with both the MCMC resampled core trait measures (pre-mapping) and with 
the significance results generated during mapping analysis (post-mapping).  The first 
approach was applied to the post-mapping results and will be referred to as weighted 
multi-trait averaging (WMTA) analysis.  During the WMTA analysis either the single trait 
GWA p-values or QTL LOD scores were consolidated by multiplying the single trait p-
value (and LOD score) results by the positive compliment of the trait correlation matrix 
in order to generate a weighted p-value (or LOD score) average that accounts for 
pairwise correlation between traits.  This adjustment for correlation helped to reduce the 
core trait analysis results from a given time point and within a given subpopulation from 
the GWA studies down to single sets of multi-trait p-values or LOD scores (Figure 4.8).  
From these reduced results, regions that are highly involved in overall global RSA 
features and that possibly influence whole root system development could be identified 
and selected for further follow-up.  In many cases, hotspot regions where multiple SNPs 
or QTL were detected from single trait analyses appeared to localize to the same 
regions of high significance during multi-trait analysis; however, there are also a high 
number of cases where hotspot regions for single traits showed only modest multi-trait 
significances and vice versa.  These results highlight that similarity between trait 
measures can result in correlation that can confound insights into the ultimate global 
influence of hotspot regions from single trait analyses and that these correlations should 






Figure 4.5:  Composite images generated from day 9 reconstructions for indica 
accessions based on the peak SNP alleles at the depth related hotspot detected on 
chromosome 4 (SNP ID: c4p24084119).  The composite images were generated by 
overlaying the root system reconstructions of accessions the same versions of the SNP 
allele and then combining them into a single image where higher intensity (brighter) 










Figure 4.6:  Introgression map of the 316 rice diversity panel accessions that were 
previously designated as either aromatic, aus, indica, temperate japonica or tropical 
japonica accessions (Zhao et al., 2011).  The accessions have been grouped into 
respective subpopulations and displayed in order of the relative prevalence of inter-
subpopulation introgressions, such that accessions with a greater percentage of 
introgressed regions are displayed at the top of each grouping.   The subpopulations 
have been color coded as aromatic (purple), aus (yellow), indica (red), temperate 










Figure 4.7:  Plot depicting introgression analysis results for the Davg centroid trait 
measure at the peak rooting depth SNP on chromosome 4 (SNP ID: c4p24048146).  
The data points represent individual accessions that have been grouped along the x-
axis respective to their subpopulation designation as previously characterized by Zhao 
et al, 2011.  The color-code of the data points displays the predicted subpopulation 
introgression at the peak SNP when using a Hidden Markov model (HMM) to evaluate 
the region.  The rice subpopulations are denoted as ARO (aromatic), AUS (aus), IND 








Figure 4.8:  Manhattan and heatmap plots generate from the weight multi-trait 
averaging (WMTA) of the genome wide association (GWA) analysis and then 
subsequent composite interval mapping of the 13 RSA traits.  Manhattan plot 
summaries for GWA studies are shown for D3, D6, D9 and Davg across all 
subpopulations and within the aus (AUS), indica (IND), temperate japonica (TEJ) and 
tropical japonica (TRJ) rice subpopulations.  Heatmap plot summaries for bi-parental 
QTL studies are shown for D3, D6, and D9.  Each plot displays the average core RSA 
significance p-values or LOD scores that have been adjusted based on the amount of 
pairwise correlation between core traits.  The yellow to blue color gradient on the plots 
represents the adjusted significance values from the minimum (yellow) to the maximum 
(blue) for each respective dataset.  Selected SNP summary bands appear below each 
set of Manhattan plots and represent overlays of the SNPs (red triangles) that were 
selected from the individual core trait analyses within their respective subpopulation 






The second multi-trait approach that was investigated was a phenotypic 
processing and composite mapping approach that involves the clustering of accessions 
into discrete groups based on multiple traits and is hereby referred to as composite trait 
(CT) analysis.  This CT approach also aims to detect genomic regions that are highly 
involved in overall RSA features.  During CT analysis, once the accessions have been 
clustered into N distinct cluster groups (Rocha et al., 2009), a binomial association 
analysis can be performed for each SNP marker in the genotypic dataset.  SNP 
significance p-values are determined separately for each cluster group using a binomial 
test where the observed allele frequency within each group is compared to the 
probability density function (pdf) created based on the number of accessions present in 
the group and the global marker allele frequency for the SNP under a binomial 
assumption. 
Since the binomial testing is quite efficient, it is possible to perform a high 
number (>10,000) of permutation tests in order to control for multiple testing and 
determine a suitable p-value significance threshold.  This scale of permutation testing is 
not currently possible across all SNPs with more sophisticated linear model analysis 
methods due to high computational demands; however, since population structure and 
relatedness are not accounted for during the binomial test in CT analysis, it is likely that 
a high number of false positive, structure-based associations will be detected.  To 
control for population structure, the CT analysis was performed independently within 
each of the four subpopulations (AUS, IND, TEJ and TRJ); however, the approach 
should be extended in the future to account for some degree of relatedness between 
accessions within the subpopulations.  Since the clustering method and binomial GWA 
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testing is still under validation, the ultimate utility of the CT approach has not been 
determined.  Consequently, CT analysis should only be used alongside other multi-trait 
approaches to provide further supportive evidence for the results obtained by 
conventional GWA analysis using the core RSA traits. 
To begin evaluating the CT approach, clustering was performed on three multi-
trait selections.  These clustering selections were chosen based on the possible 
functional implication of the traits and also as a comparison to both single trait GWA 
studies and the post-mapping multi-trait averaging approach.  The first clustering 
selection combines information on root system investment with volume exploration and 
was composed of TipCount and ConvexHull, the second clustering combines the 
vertical placement of the entire root system within the growth volume with its maximum 
horizontal and vertical exploration and was composed of Centroid, MaxDepth and 
MaxWidth and the third was composed of all 13 core traits.  The clustering and following 
binomial GWA testing was performed on data across all days (AllDays), for each day 
(D3, D6, D9 and Davg) and within each of the highly represented subpopulations (AUS, 
IND, TEJ and TRJ) separately (Figure 4.9).  During the respective analyses, the number 
of groups in each clustering was constrained between 2 and 6 groups corresponding to 
maximum scale parameters of 0.08 to 0.15 during the clustering approach.  Once the 
cluster groups were formed, binomial GWA analysis was performed.  The resulting p-
values for each of the three multi-trait selections were plotted using heatmap Manhattan 
plots in Figure 4.9.  From these plots, it is apparent that some significant CT analysis 
regions appear to co-localize with hotspots from the initial single trait GWA studies.  








Figure 4.9:  Manhattan and heatmap plots from binomial GWA testing during composite 
trait (CT) analysis for D3, D6, D9 and Davg across all subpopulations and within the aus 
(AUS), indica (IND), temperate japonica (TEJ) and tropical japonica (TRJ) rice 
subpopulations.  The yellow to blue color gradient on the plots represents the adjusted 
significance values from the minimum (yellow) to the maximum (blue) for each 
respective dataset.  Selected SNP summary bands appear below each set of 
Manhattan plots and represent overlays of the SNPs that were selected from the 
individual core trait analyses within their respective subpopulation (see Figure 4.4) 
where higher regions overlap appear with darker triangles (red).  A) Composite trait 
(CT) plots from analysis with the ConvexHull and TipCount traits; B) CT plots from 
analysis with the Centroid, MaxDepth and MaxWidth traits; C) CT plots from analysis 













Identifying significant genomic regions 
Multi-trait approaches were explored to help condense the trait information in 
order to narrow down specific regions of the rice genome that are involved in root 
development for follow up investigations.  Similar to methods used to prioritize the 
single trait GWA analysis results, the highly significant regions from the multi-trait 
analyses must be selected and prioritized for further studies aimed at discovering 
underlying genes involved in RSA formation.  From the weighted multi-trait averaging 
(WMTA) analysis, 91 significant SNPs (Figure 4.10) were selected from the 
subpopulation analyses corresponding to 68 unique regions of the genome when using 
a fixed LD estimate of 250kb.  From the composite trait (CT) analysis, 136 SNPs 
corresponding to 103 unique regions were selected (Figure 4.10).  From these 
significant multi-trait SNPs, 10 pairs of co-localizing regions of the genome were found 
when using a fixed LD estimate of 250kb.  The intersecting regions of overlap fell on 
chromosomes 1, 2, 4, 5, 7 and 8 and are highlighted in Figure 4.10.  These 10 regions 
represent key locations in the rice genome that are likely involved in the higher level 
control of global root system growth and development. 
 
FUTURE WORK 
The research presented in this chapter and throughout this dissertation describes 
the development and use of phenotyping systems in order to capture and perform 
mapping studies on root traits related to rice root system architecture (RSA).  When 
coupled with genotypic and germplasm resources, phenotyping tools are enabling 








Figure 4.10:  Summary of the selected SNPs from the two multi-trait analyses.  The 
chromosome plots display a combined summary of the selected SNPs from all of the 
single trait GWA studies (across all subpopulations and within the aus, indica, 
temperate japonica and tropical japonica rice subpopulations) where the physical Mb 
positions are labeled to the left of each chromosome.  The yellow to blue color gradient 
on the chromosome plots represent the number of overlapping SNPs from 0 (yellow) to 
a maximum of 23 (blue) SNPs when using a fixed LD estimate of 250kb.  The selected 
peak SNPs from the multi-trait analyses are depicted as + (blue) and x (red) symbols for 
the weighted multi-trait averaging (WMTA) and composite trait (CT) analyses, 
respectively.  The 10 shaded regions (gray) surrounding the multi-trait symbols 
represent co-localizing regions that were detected during both multi-trait analyses when 






facilitating discovery of important genetic factors involved in natural variation and 
adaptive root responses at both a single plant and species level. 
From both a biological and technical standpoint, much of this work only touches 
the surface of what can be done when measurement and analysis tools are combined 
with collections of genetically characterized germplasm.  Additional investment and 
development of phenotyping tools and infrastructure, as well as genetic and germplasm 
resources will be necessary to fully realize the potential of phenotyping techniques 
during larger and more comprehensive studies of rice (Oryza sativa) and other plant 
species.  Phenotyping improvements will not only require modifications to the current 
platforms, but will also rely on the application and integration of various phenotyping 
and analysis techniques with better defined data collection, management and summary 
practices.  The scope of work being done on image-based phenotypic data 
management and sharing goes beyond the capabilities of a single research lab and is a 
current challenge for the scientific community at large.  Additionally, further analysis of 
the current mapping results will also be necessary to elucidate underlying genes 
involved in root development.  Any loci that are discovered will need to be validated for 
their functional effects on root development, RSA traits and plastic responses.  Gaining 
a better understanding of the linkage between specific (or multiple) traits and loci to 
nutrient and water acquisition will also require the integration with field evaluations to 
determine their ultimate relevance to crop improvement programs. 
To directly follow-up on the research that was presented in this dissertation, two 
areas that require additional research are the extension and improvement of the 
phenotyping platforms and further genetic and physiological analysis and growth 
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studies.  Although the best areas and strategies for directing future work is an open-
ended question that requires a greater deal of thought and consideration, some possible 
directions are discussed in Table 4.6. 
 
MATERIALS AND METHODS 
Growth experiments 
Four hundred twenty-five Oryza sativa accessions from the McCouch rice 
diversity panel - RDP1 (Tung et al., 2010; Zhao et al., 2011), and 155 recombinant 
inbred lines (RILs) from a population derived from a cross between IR64 (lowland, 
indica) and Azucena (upland, tropical japonica) were screened for 3D root system traits.  
The rice seedlings were grown and imaged on days 3, 6, 9 and 12 following 
transplanting (D3, D6, D9, and D12) using the 3D root system phenotyping platform 
described in Chapter III (Clark et al., 2011).  Using a staggered experimental design, the 
rice seedlings were planted in batches of 30 cylinders with one plant per cylinder.  For 
each batch, 2 or 4 cylinders were planted with recurring witness accessions (NSFTV 
639, NSFTV 644, IR64 and Azucena) and the remaining cylinders were planted with 
unique accessions or lines.  The planting order of the accessions/lines was first 
randomized prior to each replicate through diversity panel or RIL population and each 
replicate through the populations was completed in consecutive batches before 
beginning the next replicate.  During the screening experiments, each accession/line 
was replicated a minimum of 2 times; however, due to poor germination and a high 





Table 4.6:  Possible areas for future research. 
Phenotyping Platforms 
 
2D and 3D Phenotyping 
Extending the flexibility of the root analysis platforms to facilitate nutritional studies and 
better accommodate more mature plants from a wider range of crop species is needed.  
Hydroponic-based 3D imaging will be a valuable approach to accomplish these tasks.  
Additionally, a variety of root phenotyping platforms have been developed by research 
groups around the world for a range of applications.  Direct use or extension of those 
techniques will help address some limitations in order to investigate specific research 
questions (such as growth under phosphorus (P) limitation using growth pouches and 2D 
imaging) or to validate the observed root traits and assess their possible agronomic value 
(such as growth during pot-based studies in soil or potting mixes using x-ray or MRI 
imaging).  The simultaneous capture of shoot traits will also help to discover links between 
root traits and whole plant growth, development and performance. 
 
Data Management 
While every research program has unique needs, the proper documentation and storage 
of experimental information (germplasm, experimental design and execution protocols, 
location and climate data, raw experimental data, and data processing and analysis 
routines) is necessary in the era high-throughput phenotyping where large datasets are 
often shared (somewhat blindly) amongst several individuals or lab groups.  Implementing 
interim solutions that can be transitioned into well planned data management and tracking 
strategies is currently needed.  
Genetic Analysis and Growth Studies 
 
Multivariate Analysis 
Two multi-trait analyses were presented in this dissertation however these approaches 
were not rigorously validated and will need further extension and testing.  Multivariate 
techniques can not only be used to reduce the dimensionality of the datasets, but can also 
help discover non-obvious relationships amongst captured features.  These techniques will 
require further application and investigation.  In addition to statistical-based multivariate 
techniques, other techniques such as mechanistic modeling will also help to integrate 
datasets and validate important relationships during candidate gene analysis, functional 





Table 4.6 (continued) 
Genetic Analysis and Growth Studies (continued) 
 
Candidate Gene Analysis 
Several regions of the rice genome were found to be highly influential on the root system 
traits observed during these phenotyping studies, however it is still difficult to confidently 
define which regions to follow-up on based on the mapping and multi-trait results alone.  
Further investigation into candidate genes that colocalize to regions of higher priority is 
needed.  Candidate gene include genes that have already been annotated for their 
involvement in rice root system development, as well as other likely genes based 
sequence homology to other species, putative biological function and network-based 
relationships from expression studies. 
 
Functional Studies 
While these phenotyping studies have helped identify genomic regions involved in root 
system development, the ultimate functional importance of the detected regions with 
regards to adaptive responses to various agricultural environments has not been 
determined.  Taking advantage of genomic information and the theoretical importance of 
the certain root system architecture (RSA) traits, further follow-up studies will need to be 
designed and performed.  In addition to lab and greenhouse-based evaluations, controlled 
field studies should also be integrated to better understand the direct relevance of the 




accession/line were typically selected for further analysis. 
In order to synchronize the seedling sizes for transplanting, germination studies 
were performed prior to beginning screening experiments to determine the proper 
germination period of each accession/line.  During seed preparation and germination of 
each accession/line replicate, 5 seeds were dehulled by hand and surface sterilized by 
soaking with a solution of 70% ethanol for 1 minute followed by a solution of 3% sodium 
hypochlorite for 30 minutes.  The sodium hypochlorite was removed by soaking the 
seeds with sterile 18MΩ H2O for 5 minutes for a minimum of three rinses.  The seeds 
were then covered with moist filter paper and germinated in a lighted growth chamber 
for 1 to 3 days in 100x100mm square, vertically-oriented petri plates under sterile 
conditions.  When the emerging radicles had grown to approximately 1 cm in length, the 
most vigorous seedling of each accession was transplanted into glass growth cylinders 
(90mm ID, MicroGlass™) containing approximately 1.3L of modified Magnavaca’s 
growth media (Famoso et al., 2010; Clark et al., 2011) at a pH of 5.5 that had been 
solidified with gellan gum (Sigma-Aldrich Phytagel™, St. Louis, MO).  The modified 
Magnavaca’s growth media contained the following: 1.3 mM CaCl2, 1.0 mM KCl, 1.5 
mM NH4NO3, 0.2 mM MgSO4, 0.5 mM Mg(NO3)2, 0.455 mM MgCl2, 100 µM KH2PO4, 77 
µM Fe-HEDTA, 8.1 µM MnCl2, 25.4 µM H3BO3, 2.35 µM ZnSO4, 0.6 µM CuSO4, 0.85 
µM Na2MoO4 and 0.15% gellan gum.  During transplanting, the seedlings were planted 
into the center of the each cylinder at a depth such that the coleoptile base was 
completely submerged in the growth media with the radicles oriented perpendicular to 
the media surface. 
After transplanting, each cylinder was covered with a sterile black cap (with a 
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19mm diameter hole on center covered with autoclavable tape), sealed with 3M™ 
Micropore™ tape, and the sides were wrapped with opaque plastic (Griffolyn® t-55, 
Reef Industries, Inc) to prevent light penetration.  After imaging on D3, the autoclavable 
tape was removed from the hole in each cap, allowing for the shoots to grow up through 
the holes.  The plants were germinated and grown in a walk-in growth chamber with a 
small air purifier (IAP-10-100, Idylis) at 30°C day/26°C night, 12 h/12 h day-neutral 
photoperiod, 550 μmol m2 s-1 photon flux for the duration of the experiments.   
Media preparation 
For each batch of 30 cylinders, 48 liters of sterile modified Magnavaca’s growth 
media was prepared using a custom aspiration system.  This aspiration system was 
constructed using two autoclavable carboys with 20L and 50L capacities, Teflon® 
(PTFE) tubing, and autoclavable connectors and fittings.  The 20L of carboy was 
vacuum rated for use during the filter sterilization process of the nutrient solution.  As 
with previous studies (Clark et al., 2011), the sterile, full-strength modified Magnavaca’s 
growth media was prepared using a two-part process.  First, 24L of 2X modified 
Magnavaca’s nutrient solution was adjusted to pH 6.0 and filter sterilized into the 20L 
carboy of the sterile aspiration system then transferred to the second larger carboy.  
Next, 24L of 2X gellan gum solution was prepared by dissolving and autoclaving 72 
grams of gellan gum powder in 24L of 18MΩ H2O using twelve 2 liter autoclave bottles 
(6g of gellan gum per 2 liter bottle).  After autoclaving, the 2X gellan gum solution was 
directly aspirated from each bottle into the larger carboy within a laminar flow hood.  
After the 2X solutions had been completely combined, the full strength gellan gum 
media was allowed to gently shake for 1 hour to completely homogenize the media prior 
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to dispensing into sterile glass growth cylinders for cooling and solidification.  Media in 
the cylinders was cooled at room temperature in the dark for 6-8 hours prior to seedling 
transplantation. 
Genome wide association (GWA) analysis 
Using a beta version of a rice genotypic dataset consisting of 673,937 SNPs 
markers (nsftv.700K_genotypes.ALCHEMY.v0.20111225), genome-wide association 
(GWA) analysis was performed across and within aus, indica, temperate japonica, and 
tropical japonica subpopulations for the core RSA trait measures from the 425 of the 
rice accessions from the Oryza sativa accessions in the McCouch rice diversity panel 
(RDP1).  To account for different degrees of population structure and relatedness 
between the accessions, a linear mixed model approach used that was implemented in 
the R package EMMA (Yu et al., 2006; Zhao et al., 2007; Kang et al., 2008).  The model 
can be written in matrix form as: y = Xβ+Cγ+Zμ+e where β and X correspond to the 
SNP coefficient and SNP vectors, γ and C correspond to the subpopulation coefficient 
and subpopulation PC (principle component) vectors, μ corresponds to the random 
effects vector that accounts for population structures and relatedness, Z corresponds to 
the design matrices, and e is the random error term.  SNPs having a minor allele 
frequency less than 5% (MAF<0.05) across and within subpopulations were excluded 
from the respective analyses. 
Quantitative trait loci (QTL) analysis 
QTL mapping studies were performed on the normalized core trait measures 
collected from the 155 derived RILs on D3, D6 and D9 using a subset of the 1559 
markers from larger SNP dataset containing 30,894 markers (Spindel et al., 2012).  
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Using Windows QTL Cartographer Version 2.5_011 (Wang et al., 2012), composite 
interval mapping (CIM) was performed using Model 6 with default settings of 1cM walk 
speed, 5 control markers, 10cM window size and the backward regression method 
where the genetic map was estimated prior to the CIM analysis with R/qtl (Broman et 
al., 2003).  The global LOD significance thresholds for each trait were determined using 
1000 permutations with a significance level of 0.05. 
Clustering during composite trait (CT) analysis 
To find composite traits based on n selected traits, each accession s of a given 
O. sativa subpopulation S is represented by a feature vector xs = (x1,x2,...,xn) where 
x1,x2,...,xn indicate the normalized MCMC resampled measures for each of the n traits 
for a given accession s.  This essentially defines an n-dimensional feature space Rn in 
which each accession s in S is mapped to a point xs
 
in Rn.  Clusters of accessions are 
defined based on their similarities according to the measures in xs.  The similarity 
between two accessions s and t is estimated by finding the Euclidean distance d(s,t) =  
|| xs – xt || between their corresponding feature vectors (points) in the feature space Rn.  
The closer two points are the more similar are their corresponding accessions. 
 The grouping method adopted here was proposed by Rocha et al (2009) and has 
also been applied to brain tissue classification in magnetic resonance image analysis 
(Cappabianco et al., 2012).  This approach exploits the distribution of accessions in the 
feature space as measured by their probability density function (pdf).  The domes of the 
pdf represent the clusters of accessions that are similar in their multi-dimensional 
phenotype.  Therefore, the clusters are identified by estimating a suitable pdf and 
separating the individuals that fall in different domes.  The applied algorithm detects the 
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maxima of the pdf as representative accessions of each group, assigns a group label to 
each maximum, and propagates each label to the other accessions in the same dome 
by following the decreasing order of pdf values such that this label propagation process 
ends at the valleys of the pdf. 
 The success of this clustering technique relies on the pdf estimation and adopts 
a discrete approach in which each accession s is connected to its k closest neighbors 
(accessions) in the feature space Rn. The pdf value estimated for each accession s is: 
ρ(𝑠) = 1
�2𝜋𝜎2|𝐴(𝑠)| � 𝑒𝑥𝑝�−𝑑2(𝑠, 𝑡)2𝜎2 �𝑡𝜖𝐴(𝑠)  
where A(s) contains the k closest neighbors of accession s (i.e. |A(s)| is k) and  
𝜎 = max
∀(𝑠,𝑡)∈𝐴 �𝑑(𝑠, 𝑡)3 � 
is a global parameter that considers the maximum distance computed from all pairs of k 
closest neighbors divided by 3.  This constraint prevents the consideration of outliers 
among the k closest neighbors the calculation of ρ(s).  
 The above equation assigns higher values to accessions s which have closer k 
nearest neighbors, such that higher concentrations of accessions in Rn will represent 
the domes of the pdf.  The parameter k, however, is quite application-dependent.  It 
represents the distance scale at which the distribution of the accessions is observed 
from a reference point in the feature space Rn.  Higher values of k represent longer 
distances from which all points will appear as a single cluster (group).  As the value of k 
decreases, one can observe higher number of clusters being formed in the feature 
space. Therefore, for a given application, one needs to find the best value of k (scale) 
within range of all possible k values, 1 to kmax, such that the total number of individuals 
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in S is the maximum possible value for kmax. 
 
CONCLUSION 
Root development and architecture are complex traits that are under both 
intrinsic and extrinsic control.  Gaining a clearer understanding of the genetics involved 
in root growth will help researchers and breeders to develop rice cultivars (and other 
crops) with improved root system characteristics for nutrient and water acquisition.  The 
research in this chapter describes the screening and preliminary genetic analysis of 3-
dimesional root system architecture traits in rice and present methods that have helped 
narrow down and prioritize genomic regions that appear to be highly involved in root 
development and architectural traits.  Further follow-up studies will require a diverse set 
of skills and knowledge spanning the plant biology, agronomy, genetics and breeding, 
statistics, and engineering disciplines. 
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